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. ZH of JEPA (Joint-Embedding Predictive Architecture)

* Mahmoud (Mido) Assran
—  McGill University 2H448F (Supervisor: Micheal Rabbat) + Mila
— Research scientist, Meta, Montreal, Canada (2017 ~)
* Papers
— Self-Supervised Learning from Images with a Joint-Embedding
Predictive Architecture

— V-JEPA: LATENT VIDEO PREDICTION FOR VISUAL
REPRESENTATION LEARNING

— V-jepa 2: Self-supervised video models enable understanding,
prediction and planning
— V-jepa 2.1: Unlocking dense features in video self-supervised learning
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. ZH of JEPA (Joint-Embedding Predictive Architecture)

Randall Balestriero

— Assistant Professor of Computer Science, Brown Univ .
(24.07 ~)

— Postdoc: META (2021 ~ 2024, with Yann LeCun)

— BS: Université du Sud Toulon Var (2014), MA: IIt2] Hle[Hst
(2016), PhD: Rice University (2021)

e Papers

Lejepa: Provable and scalable self-supervised learning without the
heuristics

— Semantic tube prediction: Beating LLM data efficiency with JEPA

— Leworldmodel: Stable end-to-end joint-embedding predictive
architecture from pixels
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DINOv3
DINOV3 (2026, TMLR)

ZH of JEPA (Joint-Embedding Predictive Architecture)

B Randall Balestriero
B Mahmoud (Mido) Assran

—

DINOv2: Learning Robust Visual
Feature without Supervision

DINOv2

(2025,TMLR)

lé

Semantic Tube
Semantic Tube Prediction:
Beating LLM Data Efficiency with
JEPA (2026, ICLR SPOT)

LLM - JEPA
LLM-JEPA: LARGE LANGUAGE
MODELS MEET JOINT EMBEDDING

LeJEPA

When Does LeJEPA Learn a
World Model?
(2026, arXiv)

DINO PREDICTIVE ARCHITECTURES
Emerging Properties in Self- (2026, 108 LeWorldModel
Supervised Vision Transformers When %ﬁﬁjﬁggg}eam a
(2021,1CcCV) (2026, arXiv)
4
1 A
I-JEPA LeJEPA LeWorldModel

Siamese Network

Signature Verification using a

“"Siamese" Time Delay Neural
Network (1993, NIPS)

Self-Supervised Learning from

Images with a Joint-Embedding
Predictive Architecture
(2023,CVPR)

LeJEPA: Provable and Scalable
Self-Supervised Learning Without
the Heuristics (2025, arXiv)

LeWorldModel: Stable End-to-End
Joint-Embedding Predictive
Architecture from Pixels
(2025, arXiv)

A

Causal-JEPA
Causal-JEPA: Learning World
Models through Object-Level

Latent Interventions

(2026 ,ICML CompLearn)

V-JEPA
Revisiting Feature Prediction for
Learning Visual Representations

from Video (2024, TMLR)

V-JEPA 2
V-JEPA 2: Self-Supervised Video
Models Enable Understanding,
Prediction and Planning
(2025, CVPR CoRR)

V-JEPA 2.1
V-JEPA 2.7: Unlocking Dense
Features in Video Self-Supervised
Learning (2026, ECCV)




. Siamese Network

* Signature Verification using a "Siamese" Time Delay Neural Network (NIPS, 1993)

Al IHO! THE S Encoding 0t &2 IE I =8 IlHE1 Zt0] HElE HIAOHH YHEE ZH6L
= P E. Encoder == Time Delay Neural Net (1D CNN) £ A2,

“Siamese” 2t= HU WM 0= JtS0t=<, 32 Data £ EncodingE ot= 221t 0|= DataZE
EncodingS Ot= D22 SLOH A=l ELHHE (= 6= 248

T Bran A Froam




. DINO v1

Emerging Properties in Self-Supervised Vision Transformers (ICCV, 2021)

— DINO(Self- Distillation with NO labels) = = E}“*'OI 10l HIOIEHE AA R SHE AT = Self-

= ——

distillation 24! 9| Self-supervise learning 2112/ 5.
—  Teacher 221 Student TEE SAIH SSAFIHMH HSE =

ds= =0l= 2. Student=

backward 7Bt Z, teacher model2 ema J[EICE HHIOIEE OIHM M52 =2

— St& =H=0otO OI0IXI0 CHoh M S E s8ist 2, 2 U= '||0|E10'|| |:|'|0|'| =
0l EIE=Z Teacher®} Student= &t5

i l — |
sa=g .,
loss: PS(T)(") (JXp(qg (T) /T ) (1)
O S explan, (1) /7.)
| softmax | | snftmu: I Iléill H(Pf (:I")* P‘i (T)) (2) H((Z, b) = —qa 10‘9; b.
cma min Z Z H(Pt(T)‘ Py (TI)) (3)
student s — teacher o 0s ve{ad xd} eV
z'#x
(x) EMA |
S 0, — A0; + (1 — A\)0s,
Centering.
gi(z) + gi(x) +e. cme+ (1 —m) ng, (4)

IHFK O

1 —

2ot iR HH



. What is JEPA?

10

Self-Supervised Learning Method

Ve

Invariance-based
Method

O M= 0 UM 0l 2
Z2 SHI0ICH

CLIP, SimCLR, DINO

Generative

Generative
Architecture

Pixel Spacetl X 2ot Xt !
BERT, VAE, GPT

Joint-Embedding
Predictive Architecture

Latent Space(l X 2ol X!
JEPA
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. What is JEPA?
X245t

»  JEPA = PredictorE S0l M x-encoder®| Self-supervised Learning A| 2| Representation SpaceE HE St
«  YHIXMOI Biological Systems Ml A AFE0H= Representation LearningS AHE &L,

(S1Z+2 BI= J1HIOILE)

Sy mmmmm———— »| D(sx,sy) @—) decoder --=--| D(,y) @—) predictor - - - |
y oy

5 " 1 : T
x-encoder y-encoder x-encoder E x-encoder y-encoder
(a) Joint-Embedding Architecture (b) Generative Architecture (c) Joint-Embedding Predictive Architecture
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. I-JEPA

*  Self-Supervised Learning from Images with a Joint-Embedding Predictive Architecture
(CVPR, 2023)
- AX=Z JEPALtE HUE AIESH =&,
- 85%0il CHet 0101 XI(Context)E Encoding Ot11, OIA L E2 HHQ} Encodmg = HEE predictor(l
S0, OrAZ E20| YXI6H Q= 0101 X (target) 2l latent vectorS M=, Loss = MSE 2F AIS
— DINO 2t S0t stop gradient 2t EMA J[2t9] update rule (target encoder) AFS. (Collapse 24 X)

context targets

original

xt [ |
wcode | 1|
context

.

ﬁ B :
BiE ” 4 B ."';L';
o
Ve
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. I-JEPA

*  Self-Supervised Learning from Images with a Joint-Embedding Predictive Architecture

(CVPR, 2023)
— A2 sHE5h Pretrained Model2 S 2/ 10, Head 2t 1o St 2 25 TaskE 0L 2ot=X E
Jrek A,

— HHMOI [}E 2HE [HH 2 D20 & 2Sots AS =401

- HE £ESEE JHID U= 401 EE.

— DINO Lt Et HHEMH M AtE0H= Vision M & Augmentation & (Cropping, Rotation, Photometric
Transform)S M =[0I, 20| Masking M20HS Aol EF HIOIEHSHI M LSt oA AISE =
U= SEO0I ETH.

ImageNet-1K Linear Evaluation vs GPU Hours

82 I-JEPA
ViT-H/1644g (300ep)
81 O
)
."’

80 — I-JEPA i

= VITH/t4 Gooep) oo

g -*

= -

&

= CAE
78 (o) o VAT-L/16 (1600ep)

iBOT MAE
77 ViT-5/16 (8ooep) datazg o ViT-H/14 (1600ep)
ViT-L/16 (1600ep)

76 j | 1 Ll

10° 10*
Pretraining GPU Hours
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. I-JEPA

* Self-Supervised Learning from Images with a Joint-Embedding Predictive Architecture

(CVPR, 2023)
— JEPA 25012, Encoder= 2l 11 Decoder(Diffusion Model)E 2t& 8t 012, Embedding data J| 8t
FEZIL

— 2SI SRS 6HX= BXIEE QDIEHO = QUISHHIOIHS0I S/t = A2 2 &+ US.
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. V-JEPA

* Revisiting Feature Prediction for Learning Visual Representations from Video (2024, TMLR)
- I-JEPA 2t S0t OB = 16JHQ T 20| HICIR B E JHH M Mask= Jtel 1]
Context = JIAZ = HIOL BH, TargetCZ= HE HOIHWM DIAZ LW B2 01T E.
— 0l 2, Predictorll Masking 2 & + Context= Hl S0t TargetS =0t E &
- FIHECZ Li-Loss = 26t 8501 Z0H L= S &0lgt

— minimzeg ||P¢(Eg(x), Ay) —sg (Eg(y))H ,0 = EMA Update encoder
1

Binary Mask

[TxHxW]
%]
i
Qg
2y
T sy 4 [ | x-encoder B predictor u ] || y-encoder | ]
! [ | ] [ ] [ ] ] ] [ ] [ ]
x-encoder y-encoder | \ . Ep . [ | Py B ......‘..._,;.. : / | Eg | |
- H H Concatenate ! B stopgrad [ - .
H Remove [ ] | mask tokens H ] ] Remove H H
[ | masked [ ] unmasked [ | [ |
tokens tokens
[Lxd] [Nxd] [Nxd] [Lxd] [Mxd] [Mxd] [Lxd] [Lxd]
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. V-JEPA

* Revisiting Feature Prediction for Learning Visual Representations from Video (2024, TMLR)
— JIZ SOTA Z2(DINOv2, OpenCLIP) [HH| E2 452 H0I= A2 &2, (&h
— S JIE Pixel Prediction 22 [H| £22 452 H0l= 242 =0, (Gh

Video Tasks Image Tasks
K400 SSv2 AVA IN1IK Places205 iNat21
Method Arch. Params. Data  (16x8x3)  (16x2x3)
Methods pretrained on Images
[-JEPA ViT-H/16512 630M IN22K 79.7 50.0 19.8 84.4 66.5 85.7
OpenCLIP ViT-G/14 1800M LAION 81.8 34.8 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 preirained on Videos
MVD VIT-L/16 200M INIK+K400 79.4 66.5 19.7 733 59.4 65.7
OmmMAE ViT-H/16 630M INIK+SS5v2 71.4 65.4 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 71.2 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 VideoMix2ZM 82.0 71.4 25.8 759 61.7 67.9
ViT-H/ 16354 630M 81.9 72.2 25.0 T7.4 62.8 T2.6
Frozen Evalualion w/ All. Pooling Fine-Tuning
#Samples K400 SSv2 AVA IN1K Places205 iNat21 K400-1t SSv2-ft
Method  Arch. Seen Iter.  (16x8x3)  (16x2x3) (16%5%3) (16x2x3)
Methods pretrained using pizel prediction
OmniMAE ViT-L/16 2400M 170K 65.6 60.6 14.4 75.1 59.8 66.1 84.0 74.2
VideoMAE VIT-L/16 410M 400K 71.8 65.5 21.6 711 59.3 64.6 85.4 74.3
Hiera Hiera-L T70M 1500K 75.5 64.2 158 68.9 58.5 56.9 87.3 75.1
V-JEPA ViT-L/16 270M 90K 80.8 69.5 25.6 74.8 60.3 67.8 85.6 75.1
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Revisiting Feature Prediction for Learning Visual Representations from Video (2024, TMLR)
= E2 dsS H0l= A4S ¥ Eh

—  Fine-Tuning A| &2 Datalt HHF T, V-JEPA
— St Pretraining Time =2t J|Z 9| Pixel Pred 22 [HH| 1R H2 A= & £+ QU

75

74.5 -

74

End-to-End Fine-Tuning

V-JEPA Hiera
O ViT-Li6 I:I Hiera-L € Video Feature Pred.
[ video Pixel Pred.
(m} VideoMAE .
ViT-Li/16 n OmniMAE
; Vil-Lit6
1024 1026 1028 100 1032 1034

Samples Seen (M)

Something-Something-v2

TS ocoo=2

Frozen Evaluation

75 X
V-JEPA
© vitiisg,
70 —
VideoMAE
65 O viravee
60 — I I I

lo

(3

@ Vvideo Feature Pred
[ video Pixel Pred.

VideoMAEvz
m Vilighy
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Revisiting Feature Prediction for Learning Visual Representations from Video (2024, TMLR)
— I-JEPA [H2t S LGl encoderE S 2] 1! decodelt
= [, A2t sehir o

| = I

501 0l &, Latent VectorS A|Zt2} o 2
oo 310|5F
O= /| —
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. V-JEPA 2.0

V-JEPA 2: Self-Supervised Video Models Enable Understanding, Prediction and Planning
(2025, CVPR CoRR)

—  V-JEPA £ EZH(VIT-H(630m) -> VIT-G(1.1B))0t0] P& F P E =HE, (+ 3D RoPE =Jh)

=2 | 0.

S Representation Learning 0l X WorldModel= &, + LLM 1 Alignment 0l M Video QAT JFSOHl Bt

=
20.

Understanding

Language
— Alignment
Video QA
Internet Video Video V-JEPA 2
& Images ? Pretraining
1M hours & 1M Images Understanding
& Prediction
Attentive Probe
— Training Action Classification
Object Recognition
Action Anticipation
| P .
| ™ ion- Plannin,
! £ L9 Robot Data — Action E

-114! T| ’ —_— Conditioned e —
| 0 il (states + actions) p T . .
o ost- lraining Robot Manipulation

62 hours
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. V-JEPA 2.0

*  V-JEPA 2: Self-Supervised Video Models Enable Understanding, Prediction and Planning
(2025, CVPR CoRR)

Pretraining = H 0l M V-JEPA 201l It HS

(Data Scaling) J|Z SHEHI0IEHE 20021 MM 220022 2|10, SEHAHZE J1HH0] FHI01M
JEHOZE HHE M2 Hd HIAH

(Model Scaling) 22 At0|ZE 630M M M 1.1B 2 T M 8 SS &4 (Scaling Law X & 2H01)
(Long Training) Iteration = 9THH (f| \{ 25.2BHHO = =HZt

(Higher Resolution) 16 2|2 HIOIE I M 64 ZHI 2+ Dol & T HIOIHZ i

[=Ne)

-

O

== DN

]
oIr

VIJEPA 2 Pretraining Recipe

® » ©
& &* s

Average Accuracy
o %
i} 4

80
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V-JEPA 2: Self-Supervised Video Models Enable Understanding, Prediction and Planning
(2025, CVPR CoRR)
— Pretrained Model= St50t= HRIE

L O

Mask tokens + Context = Target= 0}

Tt = V-JEPA, I-JEPA @ S 20 Mask= Jtel 1,
= A (L1 Loss)
012 V-JEPA Ul M Robot2 Action 2 0| S

Z0t= V-JEPA 2-ACE Fine-Tuning A| fl = Mask-
Token [l 2] Robot actions + poses= 0l -] Robot%| [}=

SSNYSHZ

V-JEPA 2

V-JEPA 2-AC
predictor =~ - » predictor - -
Y
&
S Robot
Mask stopigrad
tokens H

actions
& poses
EMA S
encoder

encoder

ffffff

encoder

ffffff

encoder
== =
< | £ I
; N \ :
Masked = Unmasked
video frames video frames

Previous Future
video frames video frame
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. V-JEPA 2.0

V-JEPA 2: Self-Supervised Video Models Enable Understanding, Prediction and Planning
(2025, CVPR CoRR)

— V-JEPA 2-AC = SATH &Hi(sp, HIL L T (x,), HS HIOIE(ay) E J7IEOZ [}S Latent
SpaceE (Il = ot= 2 2.

— Loss= 43 2,1 WIE0H=2300 THSF Loss & Leeacher—forcing 1 LIS z, M THE

HE B a0 EZFAS °”Z [ L= 210 CHSF Loss®! £,o10u = Z2EH00M AL

. 1
- LS ks - sl = 7 2 |[Ps (@ s Ba)zs) — BGarn)]| @)
k=1 k=1

Lionout (0) = || Pylarr, 51, 21) — 211

Licacher-forcing (#) =

L(¢) = Eteacher—forcing(@) + £rollout{¢)7

VJEPA 2-AC Teacher Forcing Loss VJEPA 2-AC Rollout Loss

2 2 L2} 2 2 2 2] 2
i e =
$ \ {
predictor (ume causat ttention) \ predic m\ b Do) :
] 2] ] | : ] l= H :
[ [ [ [ ]| m NEEE = N
3 I- ¥
terleave action and pose tokens and pose token: :
L Z 22 23 2 0 1 2 7 74
frame encod frame encoder (tozen)
J,‘ oy s e ¢ ¥ J.' P e ve &
> Ll ) F g eme y Fhoa Fhwll s
I " L 3 “ ‘N : L '! ’ A
s - 4 ¥ i LBy
t=0 t=1 t=2 =3 t=4 =0 t=1 =2 t=3 =4
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*  V-JEPA 2: Self-Supervised Video Models Enable Understanding, Prediction and Planning
(2025, CVPR CoRR)

&1 Z1t Zero-Shot 0l M Et 22 [HHI IR 22 US.
— Limitation = FHHIZE AAXI0 GI26HCH=S &, 2l 0 XIS XIH A 2 = UAS.

Table 2 Zero-Shot Robot Manipulation. All models are deployed zero-shot on two Franka arms with RobotiQ
grippers located in different labs. Given image-goals for each considered task, all models run closed loop to infer a
sequence of actions to achieve the goal. Success rates are reported out of 10 trials with various permutations to the
task across trials (e.g., object location, starting pose, etc.).

Grasp Reach w/ Obj. Pick-&-Place

Method Reach Cup Box Cup Box Cup Box

Lab 1 100% 20% 0%  20% 70% 20% 10%
Octo (Octo Model Team et al., 2024) Lab2 100% 10% 0% 10% T0% 10% 10%

Avg 100% 15% 0% 15% 70% 15% 10%

Lab 1 100% 0%  30%  90% 80% 80% 80%

V-JEPA 2-AC (ours) Lab 2 100% 60% 20% 60% 70% 80% 50%
Avg 100% 65% 25% 5% 75% 80% 65%




. V-JEPA 2.0

*  V-JEPA 2: Self-Supervised Video Models Enable Understanding, Prediction and Planning
(2025, CVPR CoRR)
J|2X 9l Video Understanding Task(| ] Ef SOTA 22 [HH| 58t 850| 4= A2 &0lah
—  EStSizet HESE H50] £Z2 Scaling LAW E5H 2401

Motion Understanding Appearance Understanding
Method Param. Avg. | SSv2 Diving-48 Jester | K400 COIN IN1K
Results Reported in the Laterature
VideoMAEV2 (wang ot al, 2023) 1B — 56.1 — — R2.8 — T1.4
InternVideo2-1B (wang et a1, 20241) 1B — 67.3 — - 87.9 — —
InternVideo2-6B ot al., 20241) 6B — 67.7 — — 88.8 — -
VideoPrism (Zhao et al., 2024) 1B - 68.5 71.3 - 87.6 - -
Image Encoders Evaluated Using the Same Protocol
DINOV2 (Darcet ot al., 2024) 1.1B 81.1 50.7 82.5 934 83.6 90.7 86.1
PEcoreG (Bolya ot a1, 2025) 1.9B 82.3 55.4 76.9 90.0 88.5 95.3 87.6"
SigLIP2 (rachannen et al., 2025) 1.2B 81.1 49.9 75.3 91.0 87.3 95.1 88.0
Video Encoders Evaluated Using the Same Protocol
V-JEPA ViT-H (Bardes ot al., 2021) 600M 85.2 74.3 87.9 97.7 84.5 87.1 80.0
InternVideo2.-1B (wang ot sl 20241) 1B 87.0 69.7 86.4 97.0 89.4 93.8 85.8
V-JEPA 2 ViT-L 300M 86.0 73.7 89.0 97.6 85.1 86.8 83.5
V-JEPA 2 ViT-H 600M 86.4 74.0 89.8 97.7 85.3 87.9 83.8
V-JEPA 2 ViT-g 1B 87.5 75.3 90.1 97.7 86.6 90.7 84.6
V-JEPA 2 ViT-gssa 1B 88.2 | 77.3 90.2 97.8 87.3 91.1 85.1
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. V-JEPA 2.0

*  V-JEPA 2: Self-Supervised Video Models Enable Understanding, Prediction and Planning
(2025, CVPR CoRR)
—  Video Question Answering Task{l Z1&56tJ| 0l LLAVA Method J|EtCZ Encoderd4C = 9!
[+=2 Alignment =24
— ElVideo Encoder & [HH| M £E2 8S0I LIQ= WS 201 (Xt
— Encoder 2| Scaling LawE BtE0ot=A =
— LLAMA 3.1 8Bt 28} 2 Align S [, E} D2 2= [HHIGHM SOTAE E4 (6t

i . M o&Y o8 2 i s g2 3 g2 4 3, &, i
Method A ERR O S A A E- gﬁ,q Method Bt h OB S O R EH I
0 C: B B OB R i 1 S B - S A
& & a2 & & &z
Off-the-shelf image encoders End-to-end Evaluation
DINOv2 ViT- 1.1B/TB 457 67.1 224 623 268 476 320 618 V-JEPA 2 ViT-Lus; 300M/7B 517 746 323 701 50.9 365 671
SigLIP2 ViT- 1.1B/7B 48.1 724 262 668 257 487 332 640 60OM/7B 520 747 306 709 546 351  68.0
PE ViT- G/um 1.9B/TB 491 723 267  67.0 275 516 340 647 - 1B/7B 52.3 5 319 70.7 54.2 373 683
V-JEPA 2 ViT-gss1 1B/7B 54.0 5 330 TLT 565 39.0 685
V-JEPA 2 ViT-g5» 1B/7B | 52.3 720 311 69.2 33.3 559 37.0 67.7 V-JEPA 2 ViT-gs12 1B/7B 54.4 T77.7 33.7 716 57.5 385 69.5
H H i<
CPIS-R B A
Params 84 & Eg =5 <v £y o
Method fone f LLM Avg e E?: 8 i gfe S5 Lgé P
g ] &3 B o > 2
H [ EE Em [ B 2
o ] g2
< 8B Video Language Models Resulis Reporied in the Literature
InternVL-2.5 (¢ 2024) 300M/7B 52.1 68.9 39.9 683 243 294 616 72.6
Qwen2VL (w 675M /7B 470 669 292 679 204 315 46.0 67.0
Qwen2.5VL 1B/7B 49.7  70.5 36.7 TLT 245 24.6 50.5  69.6
o 1B/8B 56.7 827  39.7 727 283 332 635 T77.1
V-JEPA 2 ViT-g3z4 LLama 3.1 8B 1B/8B | 59.5 84.0 44.5 76.9 36.7 40.3 60.6 73.5
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. V-JEPA 2.1

* V-JEPA 2.1: Unlocking Dense Features in Video Self-Supervised Learning (ECCYV, 2026)
— V-JEPA 2.0 JHX| S&F 1A oHEr Ofgl = EQUX|EH H2SHDense) YES(Z 01, A, ME &)=
S F=ot=0l stAJHETHRS. 012 GHZSH| Aok
— (Dense Predictive Loss) J|Z V-JEPANHI N = DIAZE B2 HIS0HH =0, 2E HOl= B2
S HIE0HH &2 +~EHE
—  (Deep Self Supervision) Middle Layer 0| 8HZ Fusion 00 HSHZE =2 (YOLO)

— (Multi-Modal Tokenizer) V-JEPA 2.00 M= 0I0/X|2t HIL]Q E3LIOI 1% S 2oHAHN =0 A
HIOZ 61! Architecture= JHZ A SAISHS 61 E £H¢e

-

Hhth ‘
' 1ctah) — mg
' O (e N U .
¥ p 4 9] ) D
—O—! E U e | 5 ——
3 H d : 5 Concatenate O Pd’ Dﬁﬁ
Add modality Remove . — mask )
ZD Conv embedding & masked [ I O tokens :
enc AR tokens - - ﬂl
x-Encoder Multi-levels fusion ] Multi-level Predictor (")
v J‘ Jv Context loss
: 1 e et Al
3 ) stop-grad
]
OR —[—P— E; ( ‘é Prediction loss
Add modality S ameiiiiscsesay /RN L
*  embedding o O H stop-grad
.| yenc ki .
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V-JEPA 2.1: Unlocking Dense Features in Video Self-Supervised Learning (ECCYV, 2026)

HHtH™E O 2 Dense Task0l CHoH
= 5}0|8H

— - AA

3 M=3
= ysEy

= [, Al29

o

0l ARSE)
ZE =6l Olohotd A

Ol
A

MJ-I

=22 A
A== T

alo

—
—

[JV-TEPA 2 [ V-IEPA 2.1 [] Previous SOTA using frozen backbone
F 89.4
R7.3 BT.T 85.1 85.5 8.1
771 T7.3 70T
711 711
69.0
642 +35%I
6.02 +31%I
52.5 548
+52% a7
30.7 40.8
2307 308 +86% 276
HH 21.4 -
NYUv2 Depth EgodD Short. Term DAVIS Object ADE20K Semantic S8v2 Action EK Action KADO Action INIK Image
fon (1) Anticipation Tracking suiLis Anticipati Classificati
Dense tasks Global tasks

£8
4. y
és P,
* \-.

V-JEPA 2 Image/Video

V-JEPA 2.1
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. LeJEPA

* LeJEPA: Provable and Scalable Self-Supervised Learning without the Heuristics (2025,
arXiv)

J|Z =Z2 Representation Collapse (Latent Space | 2/S0| 25 S2oliXl=s&H S I ¥

ol FEIAE HHEZ 0| ASHAS. (Stop-gradient, EMA, Asymmetric architectures(2ts =

Teacher, Student 1 2)). 12|10 0212t S| AE HWHE2 T 5F Transformer Architecture M| 2F S

LI J{S OF A 0|2
Mot AE E = US.

- 0l218t Collapse E HZSH | HoH A Embedding & I I} Isotropic Gaussian (H0F StHlh= WS HA
11, SigReg 2hi= Loss= M2 11, O Loss OHLIPICZ J|EQ| S| AE HHEE QI0| et&E L=
HS HoS
A= MNO3.

Embedding distribution Projected point densities

0 2

-4 -2 2 1
Projection coordinate (along direction)
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. LeJEPA

* LeJEPA: Provable and Scalable Self-Supervised Learning without the Heuristics (2025,
arXiv)
— SIGReg = JEPAMI M CollapseZE 2| Yol Latent Vector®| 2 I E Isotropic Gaussian 2 2 ZHIE
Ot= Loss &
- 0|E _'°40|'7| {oH A Cramer-Wold B2l E J[EtCZ 1TXHH HIOIHE & 2EFO Z Projection
E ot 012 1X13 2E= 2t= H 0|2 Epps-Pulley Test (H|0|E1 LH O] Characteristic FunctionE Hl&
&, 012 HZ Gaussian Function 1} H2lZ H|1W!) E S0l Isotropic Gaussian S &8t

F9.-*[IJ

Theorem 4: Stability of Epps-Pulley Test

Epps—Pulley) satisfies for samples z1, .. ., zy
Definition 2: SIGReg (PyTorch code in algorithm 1) (Epps-Pulley) satisfies for samples 21 N
2 C\/ELI

. . ; : JEP@)| _40°  |PEP(a)
SIGReg sketches a statistical test T towards isotropic Gaussian 9 |- N 222 SN

with constant C, and bandwidth o. (Proof in Section B.12.)

SIGReg (A, {folenVY 1) £ 71 LN T(a™ folxatY ),

ach Lemma 3: Hyperspherical Cramér-Wold
(SIGReg) i
Let X, Y be R¥-valued random vectors, then
where we recommend the Epps-Pulley test (Section|4.2.3) for X) & Y)Y €891 e— x Ly,

T.

Convergence in distribution also holds. (Proof in Section B.8})
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* LeJEPA: Provable and Scalable Self-Supervised Learning without the Heuristics (2025,

arXiv)

— X XFHEEHO 2L 6 M SigReg= |
A (A), SIGReg Loss 7+ L0 Ml M2t Pred. loss It ZHA 0= A E &0l &

Count

Pred. loss (log-scale)

O voreg € extjargue beta

2 0 2
1y (blue) — x5 (red)

resneth0) - galaxy 10
SO

[

79.21
61.13

% 19.06
k

Lovmooy

33.98

SIGReg loss (log-scale)

1891

(S

-]

Pred. loss (log-scale)

-]

.
o=
=

OtHl &I ™ Isotropic GaussianQ

V watson [ cramervon.mises A anderson_darling &  epps_pulley
1u
9+ [‘| o] o ©
8 J{b
EE - 06 / ®
Hi5 ® [ *
& 4 <5 { a
i 02 g
1 [ X }

[~

SIGReg loss (log-scale)

80.15

66.27

Aoy

52.39

Pred. loss (log-scale)

SIGReg loss (log-scale)

72.90

51.73

36.56§

18.39

0.23
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* LeJEPA: Provable and Scalable Self-Supervised Learning without the Heuristics (2025,
arXiv)

l'op-1 Accuracy [%)

r

— ViT £ M2/t THE Backbone SHME IR E2

M

SEEENEEE
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Inetl0  LelJEPA pretrained, frozen backbone, linear eval 50 architectures ( < 20M params.)
e Tt | d resnet 26—
= — f T maxvit Tmlp nane’ rw 256 a B
45,04 [ ot ety pico w256 [ vesuer2ad r'mm-u-umw-‘l.‘_-m : ) Model Family
s i ) - . convoest
94.51 . resnetdl | . cfficientnet
ressniet 18] . =
~ J B neeption
4.0 4 et 2its
a4.0 '(-"”‘"" it | . Jevit
93.54 efficientnet bl g8 gn | resnetd2ts | maxvit
[ efficientnet 0 gn '. I N | levit2uz .‘r (levivcomy2ss| | W maxavit
3.0 4 N A— ({ it ety patch 16384 | = \ ! N resnet
pu“n-u“x,-n“"‘l [bevit 128 (M ® — it
92.5 — @
SURTTTINE Y [F—— \‘T : = B |
2.0 = mll\-'tll’xh-?'l'r.mn) lewit l_ﬂ:.;rtm\m-xt ples'ols | |.7r\nm-“(-1t',.,.m..\ L'—-—wa:mi
[ camvnest septo s |—.-— - 'i
_ ‘{ comviext atto rms | ‘ml
1.5 9 Lrnuunr'x' wepto Tms ols | . ® . . =)
2M nh &M 10M 12M 15M 18M
Parameters [Millions)
s
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DINO 2t 22 & Backbone @2 == Transfer Learning Ot=
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LeJEPA: Provable and Scalable Self-Supervised Learning without the Heuristics (2025,

HLHE LeJEPA 2 THICINI St

a
210 BIEBHE 2101 SOTA M50l LISLH= 28 2oIer & 9IS, (Mg Eah

Full finetuning Frozen backbone

1 2 5 10 100 1000 al 1 2 5 10 100 1000 all
Samples per class Samples per class

LedEPA convnextv2_nano (galaxy10)
LedEPA levit 128 (galaxy10)
LedEPA resnetl# (galaxy10)
LedEPA resnet3d (galaxy10)
DINOv2 ViT/s (LVD142M)
DINOvE ViT/s (LVD1.7B)
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* LeWorldModel: Stable End-to-End Joint-Embedding Predictive Architecture from
Pixels (arXiv, 2026)
LeJEPA O |EIH E J|EIOZ S & EncoderE AE 2 0t1, 04, JHX12] HIOIEH Z Encoderi|
A0, a, YHOZE E 11 PredictorE AtE0H Zt+1 % |§6|‘E x
Lpred = |Ze41 — Zt+1||§ Zip1 = I)I'E(1¢(Zt-ﬂt) ()
1 M
SIGReg(2) £ - Z::l T(h(™). (2)
EL(.‘WM £ Eprud + A SI(;R“E—T:(Z) (3)
& Predictor 7 2O SIGReg
1 MSI
z, - (Si6 Zi,1 —> ['SiGReg y\ /\\
Encoder Encoder
//'\\
(a) Latent Embedding

\ Distribution
.

(b) Optimize Normality test along
random univariate projections
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* LeWorldModel: Stable End-to-End Joint-Embedding Predictive Architecture from
Pixels (arXiv, 2026)

LeJEPA V-JEPA 2.0 I} S20HH S H 2,0 JHE T2 HdlQl 2t #10, 012 J|He=2 #S

EEE HHOIEE ol= HH=Z =

1211 Model Predictive Control X122 A0l M, KIHO| = TH A5 D 0)

=S 2O HEE HRs HHZ B
0IE S0l DINO-wM [HH| 48HH HIE HZ SEEHAHE.

C(2n) = |1Z2u — zgll3, 24 = enco(oy),

aj.; =argminC(zy),
ai:H

Z4 Predictor 22 Predictor . Predictor 2} |

Encoder

a, a ay

34

10

Ol CHAT HI

4)
(5)

Cost £,

Encoder

solver
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. LeWorldModel

* LeWorldModel: Stable End-to-End Joint-Embedding Predictive Architecture from
Pixels (arXiv, 2026)

— Planning task0ll | (HEEC| 22 HHl E2 85
— LeJEPA 2 B2 DI E MI=ot=0 XX 3 L0

= 28
Ol
AA

[OLL I A== et XIF0l AS.

Two-Room Reacher Push-T 0GBench-Cube
100 100 100 100
I
—~ 80 — 80 . . ~ 80 —~ B0
- c Sl . 3 =
2 &0 @ o g B0 g 50 Ei =
& 100 |97 106 100 100 100 2 2 - 2 I
g L @ L0 g o @ 8 8
7 40 240 78 79 2 a0 78 74 75 2 40 | e
: g g = 65 R
@ @ @ @ a8
20 120 T 20 I lss 20
20 2
o L 0 0 — 0
Tl S il & o & NI Al s S I S T e
F PN & & & ¢ & FI N F T FTIFFFTE
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. Application of JEPA

* SkyJEPA: Learning Long-Horizon World Models for Zero-Shot Sim-to-Real Control of
Quadrotors (arXiv, 2026.06.23, UC Berkeley ,Randall Balestriero)
- 100Hz &Z0HM BES 2406t ASZHO HIEHHE LewM J[EHOE 4-eist
— OE2E AT 280 SEH EncoderE TCN, PredictorES GRUE A& 11, Physics £ J|HHO
SEoH ot AABIDKI (BT 28128 28)S 1=

-

[ Sim Data Synthesis ] .-------[Latent Dynamics Model]------. ..-{Physics-lnspired Prober] --------

i i

811 DK

~

DKI: Differentiable Kinematic
Integration Sampling-Based Control

Principled Data Generation JEPA-Style

Dataset Latent Dynamics Model f Physics-Inspired Latent Probing

Stop Grad IL.
)
Xt

Action History A Hi U

State History Xt H:t
Future States Xt:t4+U

Replay Buffer

(Eq.15-16)  Xt41

36

=



. Application of JEPA

* SkyJEPA: Learning Long-Horizon World Models for Zero-Shot Sim-to-Real Control of
Quadrotors (arXiv, 2026.06.23, UC Berkeley ,Randall Balestriero)

— https://pratyaksh10.github.io/skyjepa-project-page/
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. Application of JEPA

« LLM-JEPA: LARGE LANGUAGE MODELS MEET JOINT EMBEDDING PREDICTIVE
ARCHITECTURES (ICLR 2026, Hai Huang, Randall Balestriero)
— I-JEPA base= Text 2t Code Z+0| Hidden State Ml M JEPA E A0 85E 50 =&

L
L11M JEPA = Z Lrpm(Textyp 1, Texty) +A x d(Pred(Enc(Text)), EHC(C()de)l, (2)
=2

e
abstraction capabilities (JEPA)

generative capabilities (LLM)

Natural Language to Regular Expression
Pred(Enc(Text
red(Enc(Tex)) source: "lines containing the string Text
'dog', 2 or more times"

D(Pred(Enc(Text), Enc(Code)) | | target: ".*(dog){2,}.*"

Natural Language to SQL

Enc(Text) Enc(Code) db_id: "department_management” Text

question: "How many heads of the
departments are older than 56 ?"

@ query: "SELECT count(*)
FROM head WHERE age > 56"
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. Application of JEPA

« LLM-JEPA: LARGE LANGUAGE MODELS MEET JOINT EMBEDDING PREDICTIVE
ARCHITECTURES (ICLR 2026, Hai Huang, Randall Balestriero)
SH 84St SdtZ 200U 2 T-SNE 2 AlZt2kA| Hidden State JH & Align & 238 & £ QULH

Table 3: Fine-tuning accuracy on NL-RX-SYNTH under different design choices. Reported are average
accuracy and standard deviation across runs. Learning rate [r = 2e—5, A = 1.0, and &k = 1.

Accuracy (%) T
Baseline LLM-IEPA Fa-norm MSE Prepend Code — Text InfoNCE loss

A7.204 532 7146 £ 1.34 2224 0.07 T0.64 £2.056 68.07+£ 257 65.70+2.63 3440+ 6.10

' s Text *  Text
' Code Code

(a) Baseline: Fine-tuned by NTP loss (b) LLM-JEPA (Ours) k =0




. Application of JEPA

40

* Lens-JEPA: Physics Informed Joint Embedding Predictive Architecture for Gravitational
Lensing (NeurIPS 2026 Workshop: ML and the Physical sciences, IIT)
—  I-JEPA based £ ZHHUX 0|0|XIE E46t= Application 2 2.

- SHUXJIBOHIOIHE M= &2 M, J1EA 3

v (), m

U y:) = k@i, i) - Vs (i, 1), 2

Uis (i, ) = /22 142, 3)

E S

SEa =

Trarkm M—B,,)"nm

Toaa o |

Physics Informed Encoder

Equationt Z2{6H0

TSI SIS YT 2 Y

o

Table 1: Performance Metrics of Different Models

Model | Model B
Accuracy Roc AUC Score
‘ ‘ Axion CDM No Subs

Resnet18 0.8207 094 088 0.97
ViT 0.8931 096 094 0.99
CaiT 0.8065 094 085 0.95
ViTSD 0.8838 096 093 0.99
Lensformer | (.8969 094 092 0.98
I-JEPA 0.9017 096 095 0.98
Lens-JEPA | 0.9120 097 096 1.00
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* REPRESENTATION LEARNING FOR SPATIOTEMPORAL PHYSICAL SYSTEMS (ICLR

2026 Workshop: Al & PDE, Flatiron Institute (0=

- = Z0| Z&HE! Multi-channel SpatioTemporal Data

JIxtet ZEE M4, Yann Lecun)

£ Qo= 0t S E=E(active

matter), Shear Flow(d=%), 2HZ )2 HlSot= 22

- HAS=SHI=Z2MH E2 84S 2.

Rayleigh-
Benard Active Matter

Shear Flow

Figure 1: Example trajectories from the physical systems in our evaluation.

MSE (1)
active matter  shear flow  Rayleigh-Bénard convection
JEPA 0.079 0.38 0.13
VideoMAE 0.160 0.67 0.18
DISCO 0.057 0.13 0.01
MPP (full finetuning) 0.230 0.59 0.08

fine-tuning dataset fraction

109%  50% 100%
JEPA 0.57 040 0.38
VideoMAE 098 (.75 0.67




. Application of JEPA

*  MIJEPA: A Simple and Scalable Joint-Embedding Predictive Architecture for Audio-Visual

Learning (arXiv 26.06, META, NYU)
— V-JEPAWIM EE M Audio 2 VideoE Single Encoder Hl €11 E8IO 2 8t&6H= JEPA

(a) Prior AV-SSL Methods

(b) MJEPA (Ours)

(c) Frozen Evaluation Results

Audio Video Masked Unmasked ?ﬁi@;
¢ ¢ Audio | Video | AV Audio | Video | AV
Y _ ¥
Audio Video ) 43.2 AS20K
Encoder Encoder Single Encoder ESC-50 (Video)
96.5 20.6
Complex Contrastive
Losses
Intra-modal
KN
Losses &
64 0.0
Cross-modal FSD50K aizd?;
Augmentations
73.3

X Separate encoders for
different modalities

« Single encoder for all modalities --

audio, video, and audio-video

B84.7

42

+ Pure joint embedding predictive loss
+ Mo augmentations needed K400 552
+ Easily scalable to heterogeneous data 2nd Best Prior —s— Best Prior —#— MJEPA VIT-L {Ours)

X Complex losses
X Heavy augmentations
X Mot easily scalable
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. Application of JEPA

» CF-JEPA: Mask-free forward prediction with asymmetric encoder utilization for time-series

representation learning (arXiv 2026.05, & &5 nl4H)
IJEPA HEHE J|HIOZ G M, Masking 7|H+0| BHHZ [ Al Forward Prediction + Random Cropping

E Ot AIHIE SE0I MHXIX] 2= AEHO Time Series Representation S &0t Classification,

= =0
Anomaly Detection, ForecastingS +=0t= =2

(" (2) rraining (forw: Irdpnedlmon)
Context Orop

Q@) Random Cropping
Ful

Trained
Online
Encoder

Trained
Target
Encoder

Fig 1. Training pipeline and downstream deployment of CF-JEPA.
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