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POMDP (partially observable ...)

st+1 ~ Pg(si+1 | styat),
« INIE E = (S,A, O,PE,OE,RE,’)’). oy ~ Og(oy | s¢),

rie1 ~ Rp(ric1 | Styae, Siv1).
*S. BEXIRTZ
* Al FEZE
» O W= [g]
- P.E: EXXHBEHAF
» O_E: JMRE
* R.E: RppiRE
* Gamma: AT (HERKEMHEZM, 0~1, 1 KREREWKIIRXE)



POMDP

€ = (87 A7 OaPEa OE,REa’Y)

Action
Observation
st+1 ~ Pp(st+1 | styat),

SE
or ~ Og(o | st), | &

ria1 ~ Rp(ri1 | seyae, Se41). AGENT




WM 18 234

ht - (OO:aOarlzola“'aal—larlaol) M() pg(’y(fl;H_H h,,a,:,,H_l)

REYN ., BAERTS. ZR...... (H

%Hb%'—ﬁ%iﬁﬁﬁfziﬂlﬂﬁi —_— ﬁﬁ*%ﬂ _— {ﬁ?ﬁ'j‘ﬂﬁiff%*ﬁ?&’}f%) E/\]ﬁ}/ﬁ



WM 15 2534

D IEAgent DY

h’l = (003a037‘1:013'-'aal—larhol) MH pe(yl‘f'l:[‘J{'H hljal:l+H—1)

REYN ., BAERTS. ZR...... (H

%Hb%'—ﬁ%iﬁﬁﬁfziﬂlﬂﬁi —_— ﬁﬁ*%ﬂ _— fﬁ?ﬁ'j’{]ﬁi'ff%*ﬁ?&@f%) E/\]ﬁ}/ﬁ



WM AL HE IR

— R 1E5)
Rzt QG(zt | ht)-

. IF45: POMDP (
c SINBLTEzU

« HAIWM B EEEJLED

 State inference: a6 (2 ’ hi)

« Dynamics model: Zev1 | 2ty at)

¢ Observation model: Po\Ot+1 ‘ Zt41 )
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 Reward/cost model: 9("°t 15 Ct+1 | Zt,at,zul)
(
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Constraint model:

done/termination, constraint
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c 1RUEHFRES (EXYIE vs B FRENGITE)

« 2. UM (. W, XRE......) . X¥Fplanning
« 3. 5% (probabilistic vs deterministic)

« 4. [RENIEIE,

5. XFAEMNMERERMRE (BH)

* E.g. pixels -> objects -> relations -> events -> plans
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Pre-World Model

Action-Conditional Video
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At each time step, our agent
receives an observation from
the environment.

World Model

The Vision Model (V) encodes the
high-dimensional observation into
a low-dimensional latent vector.

The Memory RNN (M) integrates
the historical codes to create a
representation that can predict
future states.

A small Controller (C) uses the
representations from both
V and M to select good actions.

The agent performs actions that
go back and affect the environment.

Figure 4. Our agent consists of three components that work closely

together: Vision (V), Memory (M), and Controller (C)
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World Model
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World Model
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2018

World Model

Dreamer V1

World Models

2019

2020

-

First strong demonstration of
planning directly in latent
space (RSSM)

PlaNet

2021

\ Dreamer V2

g

2023

b

Dreamer V3

I-JEPA
RT-2

Dreamer V4

Co-finetunes web-scale vision- V-JEPA 2
language knowledge with robot

trajectories, tokenizing actions as

language and popularizing the VLA

ggaatiifm for grounded embodied 2025 2026
2024

Learns an action-controllable generative
k V-JEPA environment from unlabeled videos, shifting
Genie video world models from passive prediction
toward interactive, playable world simulation.
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k)BEF PlaNet

Recurrent State-Space Model (RSSM)

- Bir: MEZLXF FFH| RS —Alatent world model.:
(observation,, action,, reward,, done,)!_,

« ZE|pyE—latent state: s, = (hy, z,), HHh, deterministic history
summary, z;juncertain latent state
- *ENEEKEICIZE ST (MEREER) MAHEMHEREN (HFER)
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Recurrent State-Space Model (RSSM)

Training / Forward with observation

Posterior /
. e, = Encoder(o,) .
observation o, Encoder »| representation model

J r—P\ q(z¢ | heoer)

!

KL loss
J Dy, [q(z; | he, €)1 p(2 | he)]
<

RSSM state
s¢ = (hy, z,)

previous state + action h: = GRU(h¢-q, Z¢=15Qt=1)

GRU

he1,2e1, a4

Prior /
transition model

p(z¢ | he)

Imagination / rollout without future observation

Prior

——=p Spy2,c"
P(Zes1 | hesr)

Posterior = teacher with real observation

Prior = student used for imagination
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Dreamer V1

« {RE§ PlaNet T {EFiZH A9 RSSM | {EIA A H online planning (CEM) $2 I3k
B&EIRCRERK, 2R T actor-critic,

« E#%H prior dynamics % latent space 4 fif imagined trajectories, &% 7 HFE
EETHEEHERACEMH#TRERZE.

« 7f imagined trajectories E1T& imagined rewards, A E & policy (actor) #1
value function (critic), BB #E E H L B4 latent space FHETT,

o Y& ERDEBIE L 2L H actor-critic:
* Actor / Action model: qg(az | s;)

. SX{kvalue: max Eqg.as DEAACH]E
* Critic / Value model: vy,(s7)
« Zvalue: mln Eqaq [Z”H ~|vy (s7) — VA(ST)|2], MSE loss, TD-style learning
(target = |mag|ned rewards + future value bootstrap),

« R%E: Dreamer V1 = model-based actor-critic in latent imagination,

. E%;}?’Z DeepMind Control Suite B AY 20 M iz F{ES, BEAREZE
—7’:

Dataset of Experience

Learned Latent Dynamics
®

Value and Action Learned
by Latent Imagination

X 7
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Atari Performance

s Model-based
B Model-free

Dreamer V2

RQ3 *‘0“&@\,
&L \Q‘(\(é&

P
0@” Ay 0&0

« {%¥5 Dreamer V1 g3 actor-critic imagination fEZ2 &2, H E’]E E9ZFT Atari,
 Atari benchmark 1L #F 52 & 1)l % Al agent T Atari 2600 ( TI:{E%E’] 2D HHEX). BESHERILER
MER A\ A ZEERL @),
* Dreamer V2 3k HE model-based agent 188 Z£ iX > benchmark | #11£% model-free FE#HTE T =%

- BRBUH:
* 1.7 1f PlaNet/Dreamer V1 1§ world model =, {EJEfE4/] gaussian latents #f categorical variables,
« Insight: R THLAFRBIBHEM.
2. i KL balancing {3 T RSSM prior ()% >, IAEYIZHEN D EC.
Lycp = aKL(sg(qp(ze | hex)) || ppCze 1 he)) + (1= ) KL (g2 | he %) || sg(pg(ze 1 h))), @ =108
3. actor YK ESBEENE (FNEES M) 89 REINFORCE-style actor learning,

e 4.world modelj][[)\ discount / continuation prediction, {&# imagination 1§ value learning B 1Zir B LiE R ITEE,
1HERVEIE — 1 episode B2 54

e S¥E: actor/critic Y|ZITFEH, World model 2 fixed 1Y, R ILIEHIEIZHIZ S A= 00 latent representation,
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Dreamer V3

o THEZRNAALRZ, world model (RSSM) + actor + critic; B {K{ES M Atari F &% ProcGen, DMLab,

Minecraft 2, #B8E work, #HELTF BT T ERIHL 25 domain (5 HI8E S, B4 8 2% domain,
150+ /\Eﬁt*ﬁﬁs HAELTHRERE HFERKRNEREE Minecraft FINEZSIZhA,

BER

* KL balancing = dynamic loss + representation loss + free bits

. Ldy/n = max(l,KL(sg(qd,(zt | ht,xt)) [y (2 | ht)>> Lyep = max(l KL(q¢(zt | he,x:) || sg pd,(zt | ht) )

EIMEXT representation regularization fFHERAE, LIRS 3D MEHAREIFFEILAAET, FEEREN, BSERIERHEMR
FOURREER, FEBIEN,

« Symlog / symexp transform, FAAEEFEEREEZEANZ O,
AEIL MK TR REERME X reward / value, MEAERBENHERETSS, zE5HTHEE,

* Critic "B ENHrE, T2 H symexp twohot / categorical distribution k7% return,,
Return NEFEMEEIZET, MRILEMOERTON (XA return FEUESEEWAS bin FSEEIA? ) |, BEEINEE.

REEMTEMNHR, BHZE domain FESHIZFE SIRIENFRE.

AR
+ Ablation 7, Dreamer V3 fFRI{I 524k RSSM 4 reconstruction loss, F11R % {£% RL & %M BE/K#i reward / value
prediction A[5],

- Dreamer V1-V3 JAA3R A4 B/ BRI, T JEPA ERARAR.
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Dreamer 241y T 45 22

TS TS, E%ilatent Dreamer V1
EEERTS, Bhillatent Dreamer V2 » Dreamer V4 VS EE (TS, token latent
EEERESYT R, BEillatent Dreamer V3
Obs ->encoder->z_t RSSM Transformer /flow Obs->tokenizer->z_1,z 2,...,Z_n

latent B TR T T, BWAIZE5Ee A 4L, Variational model 3% % diffusion-based models,

“RSSM M TR Z BB FESMARY, BEELL A EXTS D H
R, KB, S SNEIE. 7 - Danijar Hafner
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Dreamer V4

« 1 RSSM latent world model 2 5% scalable transformer / flow-
based video world model

« H#¥r: To train a strong world simulator with offline video data, so
that an agent can be trained within this simulator
Offline Diamond Challenge

(o)}
56 o
<
[ce]
[e)]
< ~N
(o]
i
3 o 3 © ~
o o o o [e)e] (@) @] o

® 8 8 /- » 8 » 8 @8 & A @

B VPT (finetuned) B BC VLA (Gemma 3) I Dreamer 4

Success rate (%)
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Phase 1

Dreamer V4 he = f(he1, 201, a0-1) videoM)z[

[ >
transformer dynamics

WO rld mOdel glgﬁj\ %~ Bl | bn) (z<1,a<q) — > 2111

« £ world model Z34, AHEFEFH RSSM, X A:

» 1. Causal tokenizer. originalvideo = continuous latent representation
* 2. Interactive dynamics model. p(future latent | past latents, action)

:@ :B B
Block Causal Dynamics

Causal Time Layer

Space Layer L

Block Causal Decoder

-

Block Causal Encoder
Space Layer

[}
L P PR
a td z a td z a td zZ

(@) Causal Tokenizer (b) Interactive Dynamics

Space Layer
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Causal Tokenizer

o f3MAR MAE tokenizer

* MR E image tokenizer, {—MEIRITIER: 2z, = E(xy),
BHEIXE,

o NFMIEIE x1.7, Se¥{Tpatchify, FR/570 latent tokens 7 —
E*@ﬁi_/l\ﬁﬁu [Xl' Ll,XZ, LZ' IXTI LT] ﬁpﬁjﬁp attention ;Ei-
HER:

e %38 attention: 7E[E—MiAER, patch tokens #1 latent
tokens 2 IR [B]F 2 Xy, Ly
 HAfjg) attention: latenttokens iIX o] DR B4 EE, Bl
Ly « L<t' X<t
. T%ﬁﬁﬁk —IRAERM =B EE"; DSz 8 E R EE
s [FEHl drop —LE patch, HH learned mask embedding X% XigF4
ﬁkﬁ‘)ﬂﬁﬁﬁ’] S 8] —EUM .
e 8% L, 13— linear projection f&#E, FfiZ tanh activation g% 5
EIJ

« z BA1d decoder fi{EE, B#r: L(0) = Lyse(0) + 0.2Lpips(6)

Dreamer V4 - Phase 1

L7 > 21.T

Block Causal Decoder

Block Causal Encoder

k

(a) Causal Tokenizer
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Dreamer V4 - Phase 1

Interactive Dynamics Model

(2 | 2o, a<)

* Dynamics model T2 E—HBE|M z TDEHFF ],
Shortcut flow matching model
x-prediction (v-prediction X— X M4 BN MEER, B

&?ﬂﬁﬁﬁmﬁ rollout HTJ-’ %ﬁiﬁ%%@% ;—"é*/q) Block Causal Dynamics
Causal Time Layer
7“21[}: Z( ﬁ [[]Jﬁz I‘Eﬂ E/\] %E}‘Q Space Layer
* block-causal transformer fY causal time attention + autoregressive Space Layer

rollout

Space Layer

—_—

Zg = fo(Z<t) Asry Tp, der) ! ! !
o YIZBER, diffusion forcing 28 REIMSMABIEEHIEF corruption, a td z a td z a td zZ
1R B S B i A [E) MR K LRy % IR BE 17, (b) Interactive Dynamics
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Dreamer V4 - Phase 2

Agent Finetuning

e Causal tokenizer + interactive dynamics model i}lléﬁ%)ﬁ)ﬁ, B
UUJ Dreamer V4 world model pretraining i EX 52

—mMEBEZFE] x; - z, 1 p(z¢|z<t,a<) . BRE, BE—1PHRE
R N, AEMESNIZI N AR FE, %UFmﬁguﬂw%

condition, = >] task-conditioned policy #1 reward model,

. _F—Bﬁﬁxﬁi)’l}z*i £ dynamics model F1, 3H A task/agent 3%
token, SRJ53E action head 1 policy head, it [E— 4 &Y RE 5
p(action, reward | task)
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Dreamer V4 - Phase 2

Agent Finetuning

— T E& model 9% N\ = E £ latent, action, task / agent, noisy
representation, 7, d&¢

* Agent/ task tokens o] PUIA A2 AR SIRTS, MURRATE(HAY
token (AEHFNTHTF dynamics fY) &

s FRIFHFAEBPHERKR: ih attention i’:liJro Agent tokens T
UEBEMEMMEERSER, BEEMEEEEAEEE agent
tokens. P 43k 3 f tH TR 75 By % R B2 3% action E%&é%ﬂﬁ
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Dreamer V4 - Phase 2

Agent Finetuning

* REFIZRR T Ex Y video prediction 15 &, EINMELEE:
« Action (fE#2 23 /) binary distribution. FR%Rr 121 2§ categorical distribution)
* po(atsn | he)
* Reward (RXEJLFW, BETM T ENEH? LB ER T H)
* LO) = —Yn—olnpg(arin | he) = Thonpe(reen | he), XBEL =8
* Agent finetuning (BRIl 4k SR VAR EY, XS F HETHSRS R B4 1 — &
L = 8 Y action &% %1 reward &%,
« B FMEEFEIEIT AR policy (behavioral cloning policy) , 1
R EEEZEAHA action &R BESERES I E =AM AKEA reward,
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Dreamer V4 - Phase 3

Imagination RL

(Z£{Il Dreamer V1-V3 g22 B& model-based actor-critic RL)
* 1. World model &K%,

« 2. ME LR EL—EX context,

* 3. Y4 B policy head X #¥ action, FJ world model 183E action &
T —2 2,

4. reward head % imagined state/action #x;F reward,

* 5. value head {fIT<HITME
* 6. FH RL loss EE ¥ policy/value head,
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==
VAR

 Action-conditioned world model &2 agent, 4B world model &

Eagently?
« World K § 2%tz F agent FF7ERY?



==
JON

e Action-conditioned world model F5 & agent, 1B world model F&

Eagently?
« World K § 2%tz F agent FF7ERY?

s UMM E (WM ERE) AZFEMEE. agentfJobservation,
actionfy 52 i M 7 7E -

- BN R ¥ AplanningFlcontrol, FtEZEFE X agent,
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Joint Embedding Predictive Architectures (JEPA)

Gl
[z.]*

» Loss

Joint-Embedding Architecture Generative Architecture
Contrastive (MoCo, SimCLR) / Distillation (BYOL, DINO) @ (BEiT, MAE)

1
_>

— Loss

Joint-Embedding Predictive Architecture (JEPA)
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I-JEPA

context
encoder

context

e
r.-;g Jo

target
encoder

predictor
[ | |
N, EN__
o

ImageNet-1K Linear Evaluation vs GPU Hours

82 - I-JEPA
ViT-H/16,4g (300ep)
81 - o
.l
.I
LJEPA
e\i ViT-H/14 (300cp)°' '.'
= 79 -
&
= CAE
78 - O virazs (1600ep) datazvec
ViT-L/16 (1600ep)
o MAE
77 — ViT-H/14 (1600ep)
76“”' Ll Lol Ll
103 104 10° 106
Pretraining GPU Hours
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V-JEPA

Binary Mask

[ |
[ ]
B
: Remove
B masked
tokens

[Lxd]

-
.
-

[N xd]

x-encoder

Eg

.
.
.

[N xd]

Concatenate
mask tokens

......

[Lxd]

predictor

Py

.......

[Mxd]

.

......

stop-grad

[Mxd]

/

Remove
unmasked
tokens

[Lxd]

y-encoder

Eg

....-...

[Lxd]
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V-JEPA 2

Video
Pretraining

Internet Video

& Images }

1M hours & 1M images

|| 8%
’J\ Fi.g

| AT
\’

Built upon V-JEPA, focusing on scaling and specific scenarios

—
V-JEPA 2

N

Robot Data _)5

(states + actions)

62 hours

Language
Alignment

Attentive Probe
Training

Action-
Conditioned
Post-Training

—

Understanding

Video QA

Understanding
& Prediction

Action Classification
Object Recognition
Action Anticipation

Planning

Robot Manipulation

Average Accuracy

VJEPA 2 Pretraining Recipe
90 —

88.2
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V-JEPA 2-AC (world model)

V-JEPA 2

predictor = - » L1

4

=
Mask stopigrad

tokens !

encoder EMA ema

encoder

T 7
T "'ﬂ L !rf?'m
-
\

Masked Unmasked

video frames video frames

V-JEPA 2-AC

-

predictor == » | 3t
frozen

Robot
actions
& poses
encoder

T T

l | X fr
|

Ve
¥ ¥ ,/ I

frozen
encoder

-t

i

|

t 114..' ¥ E f
t% - .

Previous

Future
video frames

video frame
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V-JEPA 2’s Future work

Future work. There are several important avenues for future work to address limitations of V-JEPA 2.
First, in this work we have focused on tasks requiring predictions up to roughly 16 seconds into the future. This
enables planning for simpler manipulation tasks, like grasp and reach-with-object, from a single goal image.
However, to extend this to longer-horizon tasks such as pick-and-place or even more complex tasks, without
requiring sub-goals will require further innovations in modeling. Developing approaches for| hierarchical models|
capable of making predictions across multiple|spatial and temporal scales,lat different levels of abstraction, is
a promising direction.

Second, as mentioned in Section 4, V-JEPA 2-AC currently relies upon tasks specified as image goals. Although
this may be natural for some tasks, there are other situations where [language-based goal specification|may be
preferable. Extending the V-JEPA 2-AC to accept language-based goals, e.g., by having a model that can
embed language-based goals into the V-JEPA 2-AC representation space, is another important direction for
future work. The results described in Section 7, aligning V-JEPA 2 with a language model, may serve as a
starting point.

Finally, in this work we scaled V-JEPA 2 models up to a modest 1B parameters. The results in Section 2
demonstrated consistent performance improvements while scaling to this level. Previous work has investigated
scaling vision encoders to as large as 20B parameters (Zhai et al., 2022; Carreira et al., 2024). Additional
work is needed in this direction to develop|scalable pre-training recipes|that lead to sustained performance
improvements with scale.
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LeJEPA

Regularization for avoiding representation collapse

W I 7)) c RIXN  7(2) c RIXN
S b — A

6550

2 °
View 1 Z<1) oo .:.. '.
] ® °
o*“ ° .' .
o o
A 2 8- '
o : e e
R ° o °
n 2 A B
! (@) % okt & . ® °
> o °
View 2 z(z) .8 ° :' °
]

Sketched Isotropic Gaussian Regularization
[Balestriero and LeCun 2025]
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LeJEPA

o)
o)
O lo
o)
O o
o) OO
O o

(a) Latent Embedding
Distribution

SIGReg

A 4

(b) Optimize Normality test along
random univariate projections

J
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LeWorldModel

(—‘} SIGReg

Action

GROAGED

View 1

[—b SIGReg

:

»

0000

» Loss
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ANFEAT L

e World Model & VLA f& B 233K :
* https://song2yu.github.io/world-model-vla/

* Robotics & World Models Reading Club 07 — Los Altos
* https://luma.com/srheOvuo

e Danijar Hafner (Dreamer &% {E¥&) £ 1
* https://danijar.com/

* Other JEPAresources
* LeCuntalk at Harvard: https://www.youtube.com/watch?v=yUmDRxV0krg
* A Path Towards Autonomous Machine Intelligence:
* https://openreview.net/pdf?id=BZ5a1r-kVsf

* https://awxlong.github.io/assets/pdf/autonomous-ml-lecunnpdf.pdf
* https://zhuanlan.zhihu.com/p/535157931

e https://www.youtube.com/watch?v=0OKKEdTchsiE
* Deep Diveinto Yann LeCun’s JEPA: https://rohitbandaru.github.io/blog/JEPA-Deep-Dive/

* How Al Learned to Teach Itself [JEPA] (By Jia-Bin Huang):
https://www.youtube.com/watch?v=gVEr2cnDE_8&t=19s

55


https://song2yu.github.io/world-model-vla/
https://song2yu.github.io/world-model-vla/
https://song2yu.github.io/world-model-vla/
https://song2yu.github.io/world-model-vla/
https://song2yu.github.io/world-model-vla/
https://song2yu.github.io/world-model-vla/
https://luma.com/srhe0vuo
https://luma.com/srhe0vuo
https://danijar.com/
https://danijar.com/
https://www.youtube.com/watch?v=yUmDRxV0krg
https://openreview.net/pdf?id=BZ5a1r-kVsf
https://openreview.net/pdf?id=BZ5a1r-kVsf
https://openreview.net/pdf?id=BZ5a1r-kVsf
https://openreview.net/pdf?id=BZ5a1r-kVsf
https://awxlong.github.io/assets/pdf/autonomous-ml-lecunnpdf.pdf
https://awxlong.github.io/assets/pdf/autonomous-ml-lecunnpdf.pdf
https://awxlong.github.io/assets/pdf/autonomous-ml-lecunnpdf.pdf
https://awxlong.github.io/assets/pdf/autonomous-ml-lecunnpdf.pdf
https://awxlong.github.io/assets/pdf/autonomous-ml-lecunnpdf.pdf
https://awxlong.github.io/assets/pdf/autonomous-ml-lecunnpdf.pdf
https://zhuanlan.zhihu.com/p/535157931
https://zhuanlan.zhihu.com/p/535157931
https://www.youtube.com/watch?v=OKkEdTchsiE
https://www.youtube.com/watch?v=OKkEdTchsiE
https://rohitbandaru.github.io/blog/JEPA-Deep-Dive/
https://rohitbandaru.github.io/blog/JEPA-Deep-Dive/
https://rohitbandaru.github.io/blog/JEPA-Deep-Dive/
https://rohitbandaru.github.io/blog/JEPA-Deep-Dive/
https://rohitbandaru.github.io/blog/JEPA-Deep-Dive/
https://www.youtube.com/watch?v=gVEr2cnDE_8&t=19s

