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ﬁ Joint Embedding Predictive Architecture (JEPA)

* Predict what changes from one view to another.

Sx mmmmmm-- »| D(sx,sy)
Sy 4
x-encoder y-encoder

é> O

| | N o 2 NYU
Assran et al. Self-Supervised Learning from Images with a Joint-Embedding Predictive Architecture. ICCV 2023. 1




Joint Embedding Predictive Architecture (JEPA)

* Predict what changes from one view to another.

Sy mmmmm=-- »| D(sx,sy) @—) predictor - - == D(8,sy)
1 Sy
1

sy A T sy A
x-encoder y-encoder x-encoder y-encoder
JEA JEPA

Assran et al. Self-Supervised Learning from Images with a Joint-Embedding Predictive Architecture. ICCV 2023.




* Predict what changes from one view to another.
s Loop. bop lefe o

Sy mmmmmmm- > D(Sx,Sy) @—) predictor - -§- -> D(§y,5y) fo —_— ==
1 Yy
: 4 T vk
x-encoder y-encoder x-encoder y-encoder
(/ targcejzt
v V7
JEA JEPA - § &

Assran et al. Self-Supervised Learning from Images with a Joint-Embedding Predictive Architecture. ICCV 2023.
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Joint Embedding Prediction with Dense Motion

* Can we use adjacent video frames as self-supervision?
* Objects move densely throughout the image. Mot on e?u Y Can @
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Joint Embedding Prediction with Dense Motion

* Perform SSL in multiple scales (small objects vs. big regions).

o

Frame x; Flow T

Wang et al. PooDLe: Pooled and Dense Self-Supervised Learning from Naturalistic Videos. ICLR 2025.




Joint Motion and Semantic Learning

* \We either create or assume some external motion / action
information to send to predictors.

» Additional motion needs to be inferred.

D_.

- K

y
Zt+1||%
A

JEA JEPA w/ ﬁense motioa

Hoang et al. Midway Network: Learning Representations for Recognition and Motion from Latent Dynamics.
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Joint Motion and Semantic Learning

* \We either create or assume some external motion / action
information to send to predictors.

» Additional motion needs to be inferred.

S0 BeaD-0-G EMD-E e
= dun 2

‘

Motion
latents

Iz, = Zzllz ||z, — ztﬂn%

a

3 MD*HAV
Zty1 %K?d A'GON\«LQ“\"(O"\
JEA JEPA w/ dense motion ?m&c‘b’f JEPA w/ inferred motion ¥0\+l2m#

| | | R | A NYU
Hoang et al. Midway Network: Learning Representations for Recognition and Motion from Latent Dynamics. 1




Midway Networks

* Using backward refinement from Optical Flow networks.

source ; Midway ' target

motion latents L
Zt+1

................................... . m \
backward \ predicti -

L-1 —_— 3 > sL-1 L-1 L-1
Zt D:I:I v t+1 Liyn Ziyq
4 L-1 | f A

VUt <«
v mL_1 \\
L-2 > 2L-2 L-2 L-2
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1 > I 21 1 1
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Hoang et al. Midway Network: Learning Representations for Recognition and Motion from Latent Dynamics. ICLR 2026.




Midway Networks

* Use perturbation to visualize the motion learned from motion tokens.

" > P
i B i
| . ——p—

Hoang et al. Midway Network: Learning Representations for Recognition and Motion from Latent Dynamics. ICLR
2026.




metric loss
attraction repulsion
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SSL with Time  «le frod —

| TCN embedding
Views I L] I

deep network

* Use time as an additional source
of supervision.

Class A

View

Temporally Incorrect order

Misra et al. Shuffle and Learn: Unsupervised Learning using Temporal Order Verification. ECCV 2016.
Sermanet et al. Time-Contrastive Networks: Self-Supervised Learning from Video. ICRA 2018.
Orhan et al. Self-Supervised Learning through the Eyes of a Child. NeurlPS 2020.



SSL with Time

* We can segment videos into meaningful events.
* Leverage the spatiotemporal continuity structure.
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Yang & Ren. Memory Storyboard: Leveraging Temporal Segmentation for Streaming Self-Supervised Learning from
Egocentric Videos. CoLLAs 2025.




SSL for Visual Control

PointMass Env 20K Steps 100K Steps 200K Steps
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Reward Clustering
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Yarats. Reinforcement Learning with Prototypical Representations. ICML 2021.
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SSL for Visual Control

Observations Embeddings Environments

y I T pust
e
I FRRNWLIN

>
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. . i DynaMo & SHhI

..............................

Otih St+h

(a) Representation learning

Cui et al. DynaMo: In-Domain Dynamics Pretraining for Visuo-Motor Control. NeurlPS 2024.




Summary

* Representation learning leverage the information in unlabeled data.

* Inductive biases matter
* spatial-time invariance
* motion equivariance
o




Summary

* Representation learning leverage the information in unlabeled data.

* Inductive biases matter
* spatial-time invariance
* motion equivariance

* A foundation for sensorimotor learning - pretrained representations
as a starter for policy learning.




Emergent Attention, Object Discovery

* SSL representations show awareness of object classes and instance
identities.
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* SSL representations show awareness of object classes and instance
identities.

* Why does attention show awareness of objects?

* The network is encouraged to associate different parts of the objects
together in order to identify whether two inputs belong to the same
iImage or not.
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* Attending to semantically similar parts facilitates the process.




Emergent Attention, Object Discovery

* SSL representations show awareness of object classes and instance
identities.

* Why does attention show awareness of objects?

* The network is encouraged to associate different parts of the objects
together in order to identify whether two inputs belong to the same
iImage or not.

* Attending to semantically similar parts facilitates the process.

* The network is a hierarchical information processing pipeline — Lower
layers integrate more granular and smaller neighborhood.

ANYU




Weak-to-Strong Supervision

* General idea: Use self-supervised learning to learn good features,
which allowusto g low-quality masks.




Weak-to-Strong Supervision

* General idea: Use self-supervised learning to learn good features,
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Weak-to-Strong Supervision

* General idea: Use self-supervised learning to learn good features,
which allow us to generate low-quality masks.

* Then use these masks as pseudo labels and supervise the network to
predict these low-quality masks.

* Question: how do we come up with masks? What loss is used to
supervise the network?




Graph Cut

* Segmentation is essentially a
clustering problem.

cut (A.B) = Z w(p.q)
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* We can transform the clustering
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Graph Cut

* Segmentation is essentially a
clustering problem.

* We can transform the clustering
problem with the graph cut problem.

* Pixel = node.

cut (A.B) = Z w(p.q)
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clustering problem.
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problem with the graph cut problem.
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edge value (flow).




Graph Cut

* Segmentation is essentially a
clustering problem.

* We can transform the clustering
problem with the graph cut problem.

* Pixel = node.

* Affinity between the two pixels =
edge value (flow).

* Objective: Cut the graph into
disconnected components with a
minimum sum of edge values.




NCut

* Sort the eigenvectors from the
smallest to the largest.

(b) (c)

Shi and Malik. Normalized Cuts and Image Segmentation. TPAMI 2000.




NCut

* Sort the eigenvectors from the
smallest to the largest.

* This was a classic image
segmentation technique
operating directly on image
iIntensity.

(b) (c)

Shi and Malik. Normalized Cuts and Image Segmentation. TPAMI 2000.




NCut

* Sort the eigenvectors from the
smallest to the largest.

* This was a classic image
segmentation technique
operating directly on image
iIntensity.

(b) (c)

* Now, instead of segmenting
pixels, we can directly segment © " o -
semantically meaningful
representations from self-
supervision.

Shi and Malik. Normalized Cuts and Image Segmentation. TPAMI 2000.




MaskCut

* Use a pretrained DINO VIiT network.
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patch-wise S masked
affinity matrix mask 1 affinity matrix

Wang et al. Self-supervised transformers for unsupervised object discovery using normalized cut. CVPR 2022.
Wang et al. Cut and Learn for Unsupervised Object Detection and Instance Segmentation. CVPR 2023.
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MaskCut e ken “Lém
O \_/
* Use a pretrained DINO VIiT network.

« t}) . KiK'
* Use the “key” features from the last attention layer: = K LTK T
(\/\ /I/

S
o
X
S
(3]
‘>
S
)
X
S
(3]

B B
r r . r .
i -y B B i B
% NCut | % NCut % i
s . —> , >3 =il e >3 - i
T T EE A m B L Ea 4y ;ﬁ | B §
patch-wise ' masked ' masked
patchified input affinity matrix mask 1 affinity matrix mask 2 affinity matrix pseudo masks
Wang et al. Self-supervised transformers for unsupervised object discovery using normalized cut. CVPR 2022. (?l NYU

Wang et al. Cut and Learn for Unsupervised Object Detection and Instance Segmentation. CVPR 2023.



MaskCut

* Use a pretrained DINO VIT n

ﬂm‘(h ot

KK,

* Use the “key” fea

* Iterative NCut‘on the pairwise matrix by masking out the regions
from previous stages.

S
)
X
S
(3]
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S
38
X
S
(3]
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r r r

i L i

& o 2 &

| | 3

R B
LT EE  PruEEaEEi - PrEEESERL
patch-wise masked masked

patchified input affinity matrix mask 1 affinity matrix affinity matrix

Wang et al. Self-supervised transformers for unsupervised object discovery using normalized cut. CVPR 2022.
Wang et al. Cut and Learn for Unsupervised Object Detection and Instance Segmentation. CVPR 2023.

s from the last attention layer: Wi; = 1 s

pseudo masks
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Ilterative Self-Training

* Now add a MaskRCNN structure on top of the pretrained network.

= —
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Wang et al. Cut and Learn for Unsupervised Object Detection and Instance Segmentation. CVPR 2023.



Ilterative Self-Training

* Now add a MaskRCNN structure on top of the pretrained network.

* Select the predictions with the highest confidence score and use
them as labels.

# of masks\

da’
3
| 277TM

i e f /aﬂ
" A y ﬁ
‘ RolAlign|

Wang et al. Cut and Learn for Unsupervised Object Detection and Instance Segmentation. CVPR 2023.




Ilterative Self-Training

* Now add a MaskRCNN structure on top of the pretrained network.

* Select the predictions with the highest confidence score and use
them as labels.

* Neural networks can learn from the noisy labels and output smoother

predictions. —
o .

o g’
e °
4 4
1y F 277TM
4 RolAlign|

Wang et al. Cut and Learn for Unsupervised Object Detection and Instance Segmentation. CVPR 2023.




More Visualization

Wang et al. Cut and Learn for Unsupervised Object Detection and Instance Segmentation. CVPR 2023.



Point clustering-
pseudo labels

Randomly drop
lidar beams

Zhang et al. Towards Unsupervised Object Detection from LiDAR Point Clouds. CVPR 2023.

Pseudo Labels in 3D

Filter out temporally
inconsistent fracks

Randomly drop
spherical rows/cols

®

Train CNN in
short range

Zero-shot generalization
to long-range

Self-training in
long-range

(=

G

Re-training
;'—/
i

f—'ﬁ

Refinement
-

)

Pseudo-labels

~———

Tracking

-
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Iterative Refinement of Pseudo Labels

Point clustering

pseudo-labels Initial Training Self-Training Iteration 1 Self-Training Iteration 2
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Many false positives and . - . L Discovers cyclist label and
. . Discovers new vehicle labels Discovers more vehicle labels .
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Zhang et al. Towards Unsupervised Object Detection from LiDAR Point Clouds. CVPR 2023.



Slot Attention Networks

. k, v ATTENTION:
* Can we learn clustering as an end-to- SI6TS COMPETE l
end Operatlon? FOR INPUT KEYS p .

.

FEATURE MAPS
+ POSITION EMB.

\3

t

1l
-

(a) Slot Attention module.

Locatello et al. Object-Centric Learning with Slot Attention. NeurlPS 2020.




Slot Attention Networks

* Can we learn clustering as an end-to-
end operation?

* Slot attention is inspired by the
success of the attention mechanism.

Locatello et al. Object-Centric Learning with Slot Attention. NeurlPS 2020.

k, v ATTENTION:
SLOTS COMPET

FEATURE MAPS
+ POSITION EMB.




Slot Attention Networks

k, v ATTENTION:

* Can we learn clustering as an end-to- P yey—— l
end operation? FOR INPUT KEYS

-]

* Slot attention is inspired by the
success of the attention mechanism.

* Each “slot” attends to a region of the
image and stores an object centric
representation. drailito i

+ POSITION EMB.

(a) Slot Attention module.

Locatello et al. Object-Centric Learning with Slot Attention. NeurlPS 2020.




Slot Attention Networks

* Goal: Reconstruct the image with a concise slot-based representation.

SLOT ATT
LT
R TF
CNN | pEESEs== @ sLOT
Jitees DEOOPE

Locatello et al. Object-Centric Learning with Slot Attention. NeurlPS 2020.




Slot Attention Networks

* Goal: Reconstruct the image with a concise slot-based representation.
* Input: (after encoder), Slots: @E IRL‘V’LD. Normalize:

My = LN(m;_y). %o;fx\ o\@‘ okS

SLOT ATTENTION /-

SLOT
DECODER

CNN

Locatello et al. Object-Centric Learning with Slot Attention. NeurlPS 2020.




Slot Attention Networks

* Goal: Reconstruct the image with a concise slot-based representation.

* Input: x € RNY*D (after encoder), Slots: m € RM*P_ Normalize:

Me_q1 = LN(m¢_q). _‘\-

o . a .. =
Attention over slots: at.; ; >, k(@) a(mg) T

SLOT ATTENTION

SLOT
DECODER

A NYU

Locatello et al. Object-Centric Learning with Slot Attention. NeurlPS 2020.



Slot Attention Networks

* Goal: Reconstruct the image with a concise slot-based representation.

e Input: x € RV*P (after encoder), Slots: m € RM*P Normalize:

m,_, = LN(m,_4).

 Attention over slots: Gt = T —— -
" > ﬁk(l’i)‘CI(mj)

* Updates: ut; = ), am-j@

SLOT ATTENTION /-

SLOT
DECODER

CNN

Locatello et al. Object-Centric Learning with Slot Attention. NeurlPS 2020.



Slot Attention Networks

* Goal: Reconstruct the image with a concise slot-based representation.

e Input: x € RV*P (after encoder), Slots: m € RM*P Normalize:
My = LN(m;_q). L go(ws)-q(ing) T
e Attention over slots: @t ; = \/51 i = :
R > 75 k(xi)-q(my) "
* Updates: Uty = Zz CLtZ’j’U(ZCZ'). Cg_\
* Write into slots: m¢y = GRU (my—1,u) + MLP(my_1).

SLOT ATTENTION /-

SLOT
DECODER

CNN

Locatello et al. Object-Centric Learning with Slot Attention. NeurlPS 2020.



Slot Attention Networks

Mask Slot 1

Ol
-

Image Recon.

Locatello et al. Object-Centric Learning with Slot Attention. NeurlPS 2020.
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Complex-Valued Autoencoders (CAEs) -

* The complex number can E—
represent magnitude and \/
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Lowe et al. Complex-Valued Autoencoders for Object Discovery. TMLR 2022.



Complex-Valued Autoencoders (CAEs)

* The complex number can E— _>E
represent magnitude and \/

phase: z =m - e € C.

* Each pixel starts with an — —> n
initial phase 0.

A

Lowe et al. Complex-Valued Autoencoders for Object Discovery. TMLR 2022.



Complex-Valued Autoencoders (CAEs)

* The complex number can E— _>E
represent magnitude and \/

phase: z =m -e*¥ € C. RIS =
* Each pixel starts with an — — n
initial phase 0.
2 — fdec(f;GEC_(X)) - Cth. 0—/\, j\, Im4) .
- A A, S
AL A B
o A, A — O
® «, ‘

Lowe et al. Complex-Valued Autoencoders for Object Discovery. TMLR 2022.



Complex-Valued Autoencoders (CAEs)

* The complex number can
represent magnitude and

phase: z =m - e € C.

* Each pixel starts with an
initial phase 0.

Z = fdec fenc( )) < (Cth

@ fout E Rth

Lowe et al. Complex-Valued Autoencoders for Object Discovery. TMLR 2022.
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CAE: More Details

* Apply weights separately to real and imaginary:
¥ = fu(2) = fu(Re(@) + fw@> i €Cq,

—

Shered netvsrk

Léwe et al. Complex-Valued Autoencoders for Object Discovery. TMLR 2022. (C// NYU
Neuronal Synchrony in Complex-Valued Deep Networks. ICLR 2014. !




CAE: More Details Q\
5 P}‘“fe,

* Apply weights separately to real and imaginary:
W= fw(z) = fw(Re(2)) + fw(Im(z) i € Cq,,
* Bias on magnitude-and phase:
My = || 4 b)) € Révt @, = arg(y)) + b, € Rbout

Léwe et al. Complex-Valued Autoencoders for Object Discovery. TMLR 2022. (@/ NYU
Neuronal Synchrony in Complex-Valued Deep Networks. ICLR 2014. !




CAE: More Details

* Apply weights separately to real and imaginary:
Y = fw(z) = fw(Re(z)) + fw(Im(z)) -i € Cq,,
* Bias on magnitude and phase:
My = [ + by, € Révt @y, = arg(y)) + b, € Rbout

T o
X = full2]) + by € BT gLzt

X |wyp-2z1 + wezsl | W1 - 21| — w2z

m, = 0.5-my + 0.5 x € R vl Tl

= |wy-z1| + wy- |z4]

* Gating:

Léwe et al. Complex-Valued Autoencoders for Object Discovery. TMLR 2022. (C// NYU
Neuronal Synchrony in Complex-Valued Deep Networks. ICLR 2014. !




CAE: More Details

* Apply weights separately to real and imaginary:
Y = fw(z) = fw(Re(z)) + fw(Im(z)) -i € Cq,,
* Bias on magnitude and phase:
My = [ + by, € Révt @y, = arg(y)) + b, € Rbout

T S
X = full2]) + by € BT g T Loty

X |wyp-2z1 + wezsl |W1 - 21| — wal2]

m, = 0.5-my + 0.5 x € R vl

= |wy-z1| + wy- |z4]

e Activation: z’ = ReLU(BatchNorm(m,)) - e+ & Cout

* Gating:

Léwe et al. Complex-Valued Autoencoders for Object Discovery. TMLR 2022. (ffl NYU
Neuronal Synchrony in Complex-Valued Deep Networks. ICLR 2014. !




Complex-Valued Autoencoders

'ﬁ.

Input Reconstruction Reconstruction Phase Values  Prediction Prediction Prediction

AutoEncoder —— Complex AutoEncoder DBM SlotAttention

@
Lowe et al. Complex-Valued Autoencoders for Object Discovery. TMLR 2022. NYU
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e Possible to train from scratch!




Summary: Object Discovery

* Combine deep features with clustering algorithms.
* Pseudo-labels to train detector networks.

* Creative end-to-end learning-based solutions exist, but there are still
plenty room for improvement.
e Possible to train from scratch!

* What do we make use of the discovered objects? Is it better to keep
the awareness in the latent space?




Module 4:
World Models and End-to-End Planning




World Models: Predicting Future
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World Models: Predicting Future

3D,

* World models: Models that predict the future states based on the
past sequences of states and actions.
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* World models: Models that predict the future states based on the
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* Predicting future is a natural self-supervised learning objective.
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World Models: Predicting Future

* World models: Models that predict the future states based on the
past sequences of states and actions.

* Predicting future is a natural self-supervised learning objective.
* Why?

* Reward is sparse, rollout trajectories are abundant.
* Learning task /planning aware representations.
* Predicting future can “simulate” rollouts without querying for outcomes.




World Models: Predicting Future

* World models: Models that predict the future states based on the
past sequences of states and actions.

* Predicting future is a natural self-supervised learning objective. ©
* Why? &
* Reward is sparse, rollout trajectories are abundant. d
* Learning task /planning aware representations. S
* Predicting future can “simulate” rollouts without querying for outcomes%
* Can help planning by predicting at test time. Model predictive control. JC)
B S

e
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Model-Predictive Control (MPC)

* A classic example of world models.
* Analytical forms, complete knowledge of the dynamical system.

Rawlings et al. Model Predictive Control: Theory, Computation, and Design. ({/‘ NYU
https://engineering.purdue.edu/~zak/Second _ed/MPC_handout.pdf !




Model-Predictive Control (MPC)

* A classic example of world models.

* Analytical forms, complete knowledge of the dynamical system.
General Form: S'f"dl ‘l’é cost function ~constraints

v“
OQ}//M/”‘ Cﬁ{ d_X — (/ 1/ o] predicted l l predicted

i u(r:
_ o Optimizer |[—m input (~l_)=
¢ / S+Q/VM d Y
y ( ) Plant
predicted Model
( ) output
Model Predictive Controller

gorved — vetese T
% ( X+),

Rawlings et al. Model Predictive Control: Theory, Computation, and Design. ({// NYU
https://engineering.purdue.edu/~zak/Second ed/MPC_handout.pdf !
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Model-Predictive Control (MPC)

* A classic example of world models.

* Analytical forms, complete knowledge of the dynamical system.

General Form: Linear Form:
d d
d—);:f(x,u,t) d—f:Ax+Bu
y = h(x,u,t) 1 y = Cx + Du
X(to) — X0 XGO) — X0

Rawlings et al. Model Predictive Control: Theory, Computation, and Design. ({/‘ NYU
https://engineering.purdue.edu/~zak/Second _ed/MPC_handout.pdf !




Model-Predictive Control (MPC)

* A classic example of world models.
* Analytical forms, complete knowledge of the dynamical system.

General Form: Linear Form: Optimize Value/Cost Function:
dx dx min,, J(X&S), u)
y = h(x,u,t) y = Cx + Du
X(to) — X0 X(to) — X0
Htoesfengineering purdve.d/-zaSecond, ea/mPe.hancotpdf i NYU




Model-Predictive Control (MPC)

* A classic example of world models.

* Analytical forms, complete knowledge of the dynamical system.

General Form: Linear Form: Optimize Value/Cost Function:
dx dx min, J(x(0),u
— = f(x,u,t) — = Ax + Bu uJ(x(0), u)
dt dt Quadratic Form (LOR):
p— p— O
y=hxwt)  y=0Cx+Du ;_ 1<yTox 4 uT Ry dt.
X(to) — X0 X(to) — X0
U
R
Rawlings et al. Model Predictive Control: Theory, Computation, and Design. ({/‘ NYU
]

https://engineering.purdue.edu/~zak/Second _ed/MPC_handout.pdf




Model-Predictive Control (MPC)

* A classic exar '
* Analytical for al system.
General Form: Py alue/Cost Function:
 J(x(0), u)
Lane direction * orm (LOR):

' Qx +u' Ru dt.

>

Prediction horizon

* Example: Cars: x: position velocity angle angular velouty @erk and
angular accel.;

Rawlings et al. Model Predictive Control: Theory, Computation, and Design. ({/ NYU
https://engineering.purdue.edu/~zak/Second ed/MPC_handout.pdf !
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* Needs a separately trained perception network
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Several Types of World Models

* State

* Explicitly defined state space

* Needs a separately trained perception network
* Raw Input

* Generate future camera video frames / point clouds
* Latent

* Generate future latent states
* May go outside of the latent manifold




Trajectory Prediction as Object Detection

* We also need to predict external
dynamic objects.

1 Ground truth detection
Predicted waypoint
©  Ground truth waypoint
©  Predicted waypoint
* Ground truth intention score
Predicted intention score

I A NYU
Casas et al. IntentNet: Learning to Predict Intention from Raw Sensor Data. CoRL 2018. ]




Trajectory Prediction as Object Detection

* We also need to predict external
dynamic objects.

O
* How to capture multiple modes?

Ground truth detection
Predicted waypoint

Ground truth waypoint
Predicted waypoint

* Ground truth intention score
Predicted intention score

ANYU

Casas et al. IntentNet: Learning to Predict Intention from Raw Sensor Data. CoRL 2018.




Trajectory Prediction as Object Detection

* We also need to predict external

dynamic objects. . UO\
* How to capture multiple modes? &
o
[E)lscrete Intention predlctl e °
problem:

* keep lane, turn left/right, Ieft/rlght
change lane, stopping, parked, etc.

GN
(@)

o A NYU
Casas et al. IntentNet: Learning to Predict Intention from Raw Sensor Data. CoRL 2018. ]

1 Ground truth detection
Predicted waypoint
Ground truth waypoint
©  Predicted waypoint
~ Ground truth intention score
Predicted intention score




Trajectory Prediction as Object Detection

* We also need to predict external

dynamic objects. . UO\ /
* How to capture multiple modes? &
O
* Discrete intention prediction g & °
problem: o
Ceo

* keep lane, turn left/right, left/right
change lane, stopping, parked, etc.

* Output multiple trajectories

1 Ground truth detection
Predicted waypoint

©  Ground truth waypoint

©  Predicted waypoint
Ground truth intention score
Predicted intention score

I A NYU
Casas et al. IntentNet: Learning to Predict Intention from Raw Sensor Data. CoRL 2018. ]




Trajectory Prediction as Object Detection

* We also need to predict external

dynamic objects. . UO\ 4
* How to capture multiple modes? &
O
* Discrete intention prediction g & °
problem: o
Ceo

* keep lane, turn left/right, left/right
change lane, stopping, parked, etc.

* Output multiple trajectories

1 Ground truth detection
Predicted waypoint

©  Ground truth waypoint

©  Predicted waypoint
Ground truth intention score

* Requires high-level action labels. Predicted intention score

@
Casas et al. IntentNet: Learning to Predict Intention from Raw Sensor Data. CoRL 2018. 1 NYU




Semantic Occupancy Volume Prediction
¢l
w8
b-%

fus . Time ST {® .i

t,c

e 4-D volume: H, W, T, g(class) 0; 4

— — Y =
( — (L -

Fused features Semantic Occupancy
L Recurrent
= ToeTe e —| Occupancy —RBozai=e
& Update
&
D (0 ()
¥ LN ]

Perceive, Predict, and Plan: Safe Motion Planning Through Interpretable Semantic Representations. ECCV 2020.




Semantic Occupancy Volume Prediction

i
t,c -

* 4-D volume: H,W, T, C(class) o,

o 8
* Doesn’t grow with thw b- &

number of actors. "
- -

Fused features Semantic Occupancy

L Recurrent z8
- e e —| Occupancy —[==i=Vg.
k Update 1

Perceive, Predict, and Plan: Safe Motion Planning Through Interpretable Semantic Representations. ECCV 2020.




Semantic Occupancy Volume Prediction

tdam
o /- . t,c =
4-D volume: H, W, T, C (class) 0; ao
 Doesn’t grow with the increasing N ap &b
number of actors. 2 '
* Recurrent occupancy updates for b ) ﬂ

further into the future.

£
vt e

L% end e

(ot Yolbme.

Perceive, Predict, and Plan: Safe Motion Planning Through Interpretable Semantic Representations. ECCV 2020.




Multi-Agents Joint Prediction

* Joint predict future trajectories by
attending to other actors.

Input Representation Multi-Sensor Object Detection Recurrent Prediction with Attention
_______________________________ e et T e
: ' | BEV Detections ;! Recurrent Module .
: Road mask / 2 - . Ly ~N :

A X BEV Stream S | & Actor States | | :
| Lane graph = y Network ! ! i ! @ t+1 - e |
| : : Lo A - vz‘l _ !
| BEV Voxel of : 4 = = $ ! | Interactive Actor =0 =1 =2
: MUE"DSXVSGP : ContinUOUS -------------- ; 7 E : \ Features @ t+1 [nteractjon Attenﬁon :
: : Fusion ——— ¢ — 11 N - A . N I : | = !
! i = : : J Interaction 1 !
: | i T mm mm S ® T g | L\ Transformer | e T\ '
: L i y\ -/ [N T
: C;amera : Image Stream o 'y ! » — —
| mage : Nefwatk Ml | g Actor Features & | [--wistig @~ |
' i ! ! : > States @ t=0 B y; ( B
: : - : 1 - . . . nn “t | : | : |

_____________________________________________________________________________________________________________________________

Li et al. End-to-end Contextual Perception and Prediction with Interaction Transformer. IROS 2020.



* Joint predict future trajectories by
attending to other actors.

Input Representation

Multi-Sensor Object |/

__________________________________________________________________

Road mask é

Multi-sweep
LiDAR

BEV Stream
Network

t

|

| Lane graph y
|

: ||

| BEV Voxel of ;!

1 |

1 1
1

Continuous
Fusion

?

Image Stream
Network

|

Recurrent Module

Multi-Agents Joint Prediction

-~

Actor States

@ t+1

3

Interactive Actor
Features @ t+1

i

Interaction
Transformer

.

J

Z

Interaction Attention

Actor Features &
States @ t=0
" B EH N -

Li et al. End-to-end Contextual Perception and Prediction with Interaction Transformer. IROS 2020.




Generating Raw Pixels

https://deepmind.google/blog/genie-3-a-new-frontier-for-
world-models/

Genie 3: A new frontier for world models
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Generating Raw Pixels

https://deepmind.google/blog/genie-3-a-new-frontier-for-

world-models/

Genie 3: A new frontier for world models
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Action-Conditioned Video Generation

* Autoregressive backbone with a diffusion decoder.

2@ >

“I am approaching a
crossing yielding
to pedestrians”

“It is safe to move
so I am now
accelerating”

Hu et al. GAIA-1: A Generative World Model for Autonomous Driving. arXiv 2023.

image
encoder

action
encoder

text
encoder

input
tokens

1
1
2

2
1 B
M= s
IIIIIIn ,

'
2

>
=

tokens

tokens

output
tokens

L—— decoded —— 1
frames

world model

autoregressive
prediction

video




https://www.youtube.com/watch?v=5Jx2QgEUZUI

Hu et al. GAIA-1: A Generative World Model for Autonomous Driving. arXiv 2023.
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4X SPEED

Generated by GAIA-1 Generated by GAIA-1

Hu et al. GAIA-1: A Generative World Model for Autonomous Driving. arXiv 2023.
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Action-Conditioned Video Generation

* DIT backbone with teacher forcing flow matching objective.
* Single actor robotic videos.

Joint Video-Action DiT
Video :

a > \ !
VAE 1 .
1} 1

Encoder d
Joint flow
matching
(Teacher forcing)

Action
Encoder

Proprioception

State/Text
Language Encoder
“Pack up the fruits
into the bag”

Ye et al. DreamZero: World Action Models are Zero-shot Policies. 2026

ANYU




World Model in 3D volume prediction

* Autoregressively predict future 3D point clouds.
Observation Enced (T RRERRE Beead i Reconstruction
ncoder | IIIII‘ ecoder 6 \/,

f; Codebook Lookup 7 ; '
= —IS |y — — (I — » ~ SN
AR "t \ e 17 o5 . -/ 1 \ 5
¢’ ~\ N 4 /-‘ F) -~y T 2 ¥ / / L 4
5\ | A “1{“: { / BEV Tokens : 93 N/ 4
o — Render s Gk,
43 Mf*?» 5 Tokenizer 2 V5 S
Time € Mask Token | Diffusion steps Autoregressively

predict future frames

Predict |  Spatio-Temporal |_Frocci S ...
""" % ) % ) % . frame t+1 { Transformer ffome t+2

Pcs’r observation tokens and cchons World MOdel Action at t+1

. A A . o ‘A NYU
Zhang et al. Copilot4D: Learning Unsupervised World Models for Autonomous Driving via Discrete Diffusion. ICLR 2024. 1



Latent Sequence World Model

 Autoencoder to ensure the latent
representatlons are meaningful.

Zt N@ | ht,CEt

l“t Nqu T | htazt)
(e

(5

Hafner et al. Mastering Diverse Domains through World Models. 2023. '—/-




Latent Sequence World Model

 Autoencoder to ensure the latent
representations are meaningful.

&t~ Q<b(zt ’ htaxt)
Ty Nqu(f?t | htazt)

* Learn a sequence model to predict
the latent conditioned on previous
action.

hy = fqb(ht—lazt—laat—l)
2t Npq5(73t ’ ht)

Hafner et al. Mastering Diverse Domains through World Models. 2023.



* Predicting reward
I Nqu(’ﬁt | By 2¢)

@
Hafner et al. Mastering Diverse Domains through World Models. 2023. 1 NYU




Incorporating Rewards

* Predicting reward

Pt ~ Dg(Ft | Pty 2t)
* Reconstruction, reward, continue. z, %

Lored(¢) =(—1og pe(wt | 2t he))—log pe(re | 2¢, he) — IOW)

Hafner et al. Mastering Diverse Domains through World Models. 2023.




Incorporating Rewards

a1
* Predicting reward /"
it ~ DTt | e, 2t)
* Reconstruction, reward, continue z |
||

£pred<¢) = —logpq5($t | Ztaht) - 10gp¢(7"t | Ztyht) -

* Dynamics: Predicting future z
Layn(¢) = max(1, KL[sg(gs (21 | hi, 1) | po(2elhe))]

Hafner et al. Mastering Diverse Domains through World Models. 2023.



Incorporating Rewards

* Predicting reward /
fthqb(ft’ht,Zt) :
* Reconstruction, reward, continue

=
1

£pred<¢) = —logpq5($t | Ztaht) - 10gp¢(7"t | Ztyht) - 10gp¢(ct | 2ty hy

* Dynamics: Predicting future z
Layn{¢) = max(1, KL[sg(qp(2 | he,z) | p¢(zt\ht)&

* Align representation Jeeh |
@: max (1, KL{gg (2¢|he, ) || Sg(m(ztmt)%) -

Hafner et al. Mastering Diverse Domains through World Models. 2023.



Incorporating Rewards

* How to use WM in planning?
Predicting value by simulate a batch
of trajectories.

Hafner et al. Mastering Diverse Domains through World Models. 2023.



Incorporating Rewards

* How to use WM in planning?
Predicting value by simulate a batch
of trajectories.

e Actor-Critic RL:

(acpmplar | s0)  (vg(Re | 51)

Hafner et al. Mastering Diverse Domains through World Models. 2023.



Incorporating Rewards

* How to use WM in planning? ,
Predicting value by simulate a batch |

of trajectories.

e Actor-Critic RL:
ar ~ mo(ay | s¢) vy (R | 8t)

* Learning a critic:

Categorical distribution N
T A _

'CCJS — = thl logpgb(Rt | St) St = {hta Zt} *

Sum of discounted future rewards

R} =ri+ya[(1— N+ AR ] Ry =wvr
‘4 NYU

Hafner et al. Mastering Diverse Domains through World Models. 2023.




Actor Learning

e Learn a policy network a¢ ~ mg(a | s¢)

Levine. Policy Gradients. Deep RL course. 2017.



Actor Learning

* Learn a policy network a; ~ mg(a; | s¢)
* REINFORCE algorithm [Williams 1992]

Normalization Entropy Regularizer

L) = = iy s8(R} — vy(s¢))/ max(L, S)Nlog mo(ar | i) +1H[mo(ar | 5¢)

T ——

LT C

Levine. Policy Gradients. Deep RL course. 2017.



Actor Learning

* Learn a policy network a; ~ mg(a; | s¢)
* REINFORCE algorithm [Williams 1992]

e \ Normalization Entropy Regularizer
L(0) = = 2211 88((R — vg(se))/ max(1,S))logmg(as | s¢) +nH|me(ar | s¢)]
* Notes on policy gradient:

Levine. Policy Gradients. Deep RL course. 2017.



Actor Learning

* Learn a policy network a; ~ mg(a; | s¢)
* REINFORCE algorithm [Williams 1992]

e Normalization Entropy Regularizer
(0))= — 211 38((Ry — ve(se))/ max(1,5))logmo(as | st) +nH[mo(ar | s¢)]
* Notes on policy gradient: |

Levine. Policy Gradients. Deep RL course. 2017.



Actor Learning

* Learn a policy network a; ~ mg(a; | s¢)
* REINFORCE algorithm [Williams 1992]

e \ Normalization Entropy Regularizer
L(0) = = 2211 88((R — vg(se))/ max(1,S))logmg(as | s¢) +nH|me(ar | s¢)]
* Notes on policy gradient:

mo(T)Vologmg(T) = WQ(T)V;;T—(QT()T) = Vomg(T).

7T9(7') — 7T9<817 at,...,S8T, CLT) — p(Sl) Hle W@(at|8t)p(3t+1‘8t, Cl,t).

Levine. Policy Gradients. Deep RL course. 2017.



Actor Learning

* Learn a policy network a; ~ mg(a; | s¢)
* REINFORCE algorithm [Williams 1992]

Normalization Entropy Regularizer
L(0) = = 3—y 58((R} — vg(st))/ max(1, S)) logmg(ay | s:) +nH[m(as | ¢)
* Notes on policy gradient: & @
7o () Vg log o () = m9(7) el = Vo (7).

r\ — (S) — <q
o 81,a1,~--,8_T,QI):p(Sl)HleWe(q_t|8t)p(8t+1\8t,at)- @ O

log me(7) = log p(s1) + 3=, log ma(as|st) + log p(ses1ls, ar).

 S— —_—

@
Levine. Policy Gradients. Deep RL course. 2017. 1 NYU




Actor Learning

* Learn a policy network a; ~ mg(a; | s¢)
* REINFORCE algorithm [Williams 1992]

Normalization Entropy Regularizer

L(0) = =Y sg((R} — vy(sy))/ max(1, S))log ma(as | s¢) + nH[ma(ar | s¢))
* Notes on policy gradient:
mo(T)Vglog me(T) = WQ(T)V;;T—(QT()T) = Vomg(T).
mo(7) = mo(s1, a1, ..., s7,ar) = p(s1) [Ty mo(arlse)p(ses|se, ar).
log 7(7) = 1ogp<sl> + 31 log m(aﬂst) +log p(seq1lse, ar)-
E(Q) :’ETNWQ(T) fﬂ'g?“
«

ANYU

Levine. Policy Gradients. Deep RL course. 2017.



Actor Learning

* Learn a policy network a; ~ mg(a; | s¢)
* REINFORCE algorithm [Williams 1992]

Normalization Entropy Regularizer
L(0) =

Zt 1 Sg((RA — Uqb(St))/maX(l S))logﬂe(at | St) +nH W(at \ St)]
/_’_’—\. -T—\_’—Ar
e Notes on pollcy gradlent.

7o (T) Vg log me(T) = WQ(T)@:—(QT()T) = Vymo(7).

7T9(7') — 7T9<817 at,...,S8T, GJT) - ]9(31) Hle 7-‘-O(let|3t)p(3t_|_1‘St, Cl,t).

log 7(7) = 1ogp<sl> + 31 log we<at|st> +log p(seq1lse, ar)-
L (9' = ETNWQ(T) fﬂ'g?“

Vﬁ = [ Vrer(r)dr _@V\%T( T)dT ogwer(T).
—

@
Levine. Policy Gradients. Deep RL course. 2017. 1 NYU




When Do We Need A Learned Actor?

* For low dimensional or discrete problems, we can directly take the

argmax of the value function.
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When Do We Need A Learned Actor?

* For low dimensional or discrete problems, we can directly take the
argmax of the value function.

* For problems with a good model, we can roll out and sample many
future trajectories. Evaluation can be done in real time with GPU.

* |t compresses planning into a reactive policy.

* For general control problems, learning a separate actor can be a
general solution without invoking domain knowledge.




Temporal Difference MPC

* Instead of learning an , we can directly update the actor network
at test-time by optimizing the learned Q function from TD.

Hansen et al. Temporal Difference Learning for Model Predictive Control. ICML 2022.




Temporal Difference MPC

* Instead of learning an actor, we can directly update the actor network
at test-time by optimizing the learned Q function from TD.

* Dynamics Learning: a ' & 8 2 & & ° &
Mm%
enc enc enc

Hansen et al. Temporal Difference Learning for Model Predictive Control. ICML 2022.




Temporal Difference MPC

* Instead of learning an actor, we can directly update the actor network
at test-time by optimizing the learned Q function from TD.

* Dynamics Learning: a ' & 8 2 & & ° &
Z+ = hF) (x‘l') a, a
Zivke = do(Ztate—1.Qrak—1) gl
Z4q Zs LT Z3
Va _
* TD: f,, ar) ~ re + ’VQ(Zf.-@q Qti1) s gk s

Hansen et al. Temporal Difference Learning for Model Predictive Control. ICML 2022.




Temporal Difference MPC

* Instead of learning an actor, we can directly update the actor network
at test-time by optimizing the learned Q function from TD.

* Dynamics Learning: a ' & 8 2 & & ° &
Z+ = hF) (x'l') a, a,
A A s = "= '===
Ztdle — dﬁ) (zt—l—lc.—1 At k1 ) :Jl]'fiEE t_i!
z; L z; ' z3
e TD: Ozt as) =~ 7s +vO (2421, afm) enc enc

g—\»( Mot @ l/m NI

PR (D) e Ve o .E
Y [ AFF Cit B QttH) :
k A '
" No reconstruction. JEPA.
:U’ =\arg mln A~N (p,X) & + )\DKL(N(,U'7 ) || Pprlor))

| | . ANYU
Hansen et al. Temporal Difference Learning for Model Predictive Control. ICML 2022. 1




Sample Diverse Trajectories From Learned Prior

* Initialize and s le from pollcy prior Max-Entropy
N N( Q(Zt ,O'Q(Zt »C'prlor — _anﬂ-e(.|2) ’VQQ(Z,G,) — OflOg 7T9(CL|Z)-‘

— T

- A NYU
Hansen et al. TD-MPC2: Scalable, Robust World Models for Continuous Control. ICLR 2024. 1




Sample Diverse Trajectories From Learned Prior

* Initialize and sample from policy prior Max-Entropy
asi ~ N(pg(zt),00(2)°) Lovior = —Earny(12) |Qo(2,0) — alogmo(alz)
* Roll out .
ko HA(2
R(@) Z Y Ttk T Q(%i,aHH,i)
L—0 -

Hansen et al. TD-MPC2: Scalable, Robust World Models for Continuous Control. ICLR 2024.



Sample Diverse Trajectories From Learned Prior

* Initialize and sample from policy prior Max-Entropy
ar; ~ N(uo(zt),00(2)?) Lprior = —Barmy(-|2) [Qe(zaa) — alog We(alz)w
* Roll out .
R(r;))= Z /Yk"qt—l—k,i + WHQ(»’:’HH,'@, atyH,i)
= CLC%{'T Qr@Q.

(8
* Weighted average smoothing and adaptation %
7
o e Am) a3
a = W;ay 4
Z =1 exXp ( (7-7)) ; a—1 t

- A NYU
Hansen et al. TD-MPC2: Scalable, Robust World Models for Continuous Control. ICLR 2024. 1




Latent MPC Using Gradient Descent

* MPC is a differentiable computation graph.
* We can directly optimize action variables.

Zhou et al. DINO-WM: World Models on Pre-trained Visual Features enable Zero-shot Planning. ICML 2025.



Latent MPC Using Gradient Descent

* MPC is a differentiable computation graph.
* We can directly optimize action variables.

Otf_k, Q.? O %.

|

i &m\

%—»m—»m—»m—»m — —»m—»D:l:l:l:l:l:D /Cfmr
| L142

o A NYU
Zhou et al. DINO-WM: World Models on Pre-trained Visual Features enable -shot Planning. ICML 2025. 1




Learn Better Latent WM Representations

. PCA(DINO) MSE(DINO)
* The representation space g
is often jagged. ¥ g
* Hard to optimize action % < s a
sequences at test-time =
with gradient descent. pPC1 time
PCA(DINO) MSE(DINO)
u g * g _
';-‘[I
PC1 time

Wang et al. Temporal Straightening for Latent Planning. WMW 2026.



o> <Y

Straightening Objective y

* In addition to predictors, maximizing cosine similarity across adjacent
velocities (minimizing curvature).

— ()
Lo A ) J A\ (3:
Lpred — ||Zt—|—1 — Sg(zt—l—l)HQ-

{e}iZk—> predictor — & } Lyped € 'y .

f I +

proj proj Ut = Zt41 — 2ty  Ut41 = Zt42 — <t41-
1 ay 1 : —_—

S Lcurve =1 ot

ve|l2-|vegal]2

[ e O

Wang et al. Temporal Straightening for Latent Planning. WMW 2026.




Straightened Representations

PCA(DINO) MSE(DINO) PCA(Ours) MSE(Ours)
-— bt
¥—1 @ @
“r . o 2
~N 4 J" ] ), S ~N S
& 4 8 4 [
B w w
S n 0
o = =
PC1 time PC1 time
PCA(DINO) MSE(DINO) PCA(Ours) MSE(Ours)
@ o
g < S S N =
a . V S a S
| . w w
| n 0
| = =
PC1 time PC1 time

Wang et al. Temporal Straightening for Latent Planning. 2026.



Why Straightening Helps?

* Encourages the predictor to be linear - more generalizable.

Wang et al. Temporal Straightening for Latent Planning. 2026.
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* Encourages the predictor to be linear - more generalizable.

* Shortest path in the state space (with obstacle) - shortest path in the
latent space (without obstacle).
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Why Straightening Helps? \y

* Encourages the predictor to be linear - more generalizable.

* Shortest path in the state space (with obstacle) - shortest path in the
latent space (without obstacle).

 Convexification effect: v.c(r@) = (%)TVZC(ZT)

- (%) @ (%)

N
T;:Cost Eonvexity T2:Dynamics Curvature

v
Close, 26/0
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Why Straightening Helps?

* Encourages the predictor to be linear - more generalizable.

* Shortest path in the state space (with obstacle) - shortest path in the
latent space (without obstacle).

 Convexification effect: v.c(r@) = (%)TVZC(ZT)

T 2
o (%> ViC(er) <6ﬂ> + V.C(er) 2

da %a/ g8, OC() VAN Fing.

~~
T1:Cost Eonvexity T2:Dynamics Curvature

N

* Conditioning effect: Convergence of convex gradient optimization
depends on k (condition number). For straight trajectories, condition
number is constant.

« k—1\F .
Ja® —a < (£57) 12 —a]

@
Wang et al. Temporal Straightening for Latent Planning. 2026. 1 NYU




Summary: World Models

* Explicit object representation

* Traditional, light weight, instance-specific, hard to learn jointly |\ for external actors.

Low-dim spaces

WM for simple, single
- actor environment,
visualization

WM for general
- planning and
test-time MPC
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Summary: World Models

* Explicit object representation
* Traditional, light weight, instance-specific, hard to learn jointly
Differentiable occupancy, motion field
* Relatively heavy, spatially grounded, end-to-end learnable
* Raw video/3D prediction

* Expensive, good for simulation and safety for short horizons
* Good for single actor environments

» Global latent, RNNs
) X Collect TD reward and train value
* General-purpose, flexible Tanction / critic.
o We representations X% -Model predictive control.

| WM for external actors.
Low-dim spaces

WM for simple, single
- actor environment,
visualization

WM for general
- planning and
test-time MPC

ANYU




Learnable Planning and Cost




Imitation Learning

* The explicit policy model, supervised learning (behavior cloning)
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Imitation Learning

* The explicit policy model, supervised learning (behavior cloning)

CAL:fQ(ZU) EzmmzHaz—&H% L= _logdj

* Energy-based (cost-based) approach

7" = argmin_ F(x, 7)
_ _exp(E(z,T7))
P(T12) = T
* Dataset Aggregation (DAgger)
* Learned policy may deviate from experts

* Need to collect more groundtruths

Initialize D « ().

Initialize 7, to any policy in II.

fori: =1to N do
Let m; = B;n* + (]. — ﬂz)'fl’z
Sample T'-step trajectories using ;.
Get dataset D; = {(s,7*(s))} of visited states by ;
and actions given by expert.
Aggregate datasets: D < D|JD;.
Train classifier ;41 on D.

end for

Return best 7; on validation.

Algorithm 3.1: DAGGER Algorithm.

ANYU




Direct Policy Learning from Diffusion

* Error prediction network is

conditioned on observation features.
APl = (AR — yeg(Oy, AR ) + N(0, 021)).

L= MSE(e*, e9(Oys, Ay + €5, k)).

Input: Image Observation Sequence

Chi et al. Diffusion Policy: Visuomotor Policy Learning via Action Diffusion. RSS 2023

&

Diffusion Policy
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Learning Cost

* Typically, we have some rough ideas on what the cost should look like
* E.g. Avoid obstacle with squared distance barrier.
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Learning Cost

* Typically, we have some rough ideas on what the cost should look like
* E.g. Avoid obstacle with squared distance barrier.

* But there are costs that are implicitly defined.
* E.g. Human comfort

e Can be learned from human demonstrations (also called IRL)




Max-Margin Planning with Explicit Cost Volume

* If we have an explicit cost volume, the cost of a trajectory can be
directly queried.

Zeng et al. End-to-end Interpretable Neural Motion Planner. CVPR 20189.
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Max-Margin Planning with Explicit Cost Volume

* If we have an explicit cost volume, the cost of a trajectory can be
directly queried.

* We can use the max-margin objective to make the groundtruth
trajectory have lower costs.

* Find the lowest cost trajectory among a batch of samples.

* Low-dimensional/known dynamics problems: External samplers

T
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Max-Margin Planning with Explicit Cost Volume

* If we have an explicit cost volume, the cost of a trajectory can be
directly queried.

* We can use the max-margin objective to make the groundtruth
trajectory have lower costs.

* Find the lowest cost trajectory among a batch of samples.
* Low-dimensional/known dynamics problems: External samplers
* In general, needs to perform optimization (e.g. DP)

T
I t Erat ot ¢
argénm Z mZaXZCQ[:Ct,yt] C@[%ay@]-i— ;
{(@59D)  i=1..N t=1
@ NYU




EBM Planning

* Energy-based framework also needs negative samples.

Florence et al. Implicit Behavioral Cloning. CoRL 2021.
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EBM Planning

* Energy-based framework also needs negative samples.
e “Pick” the groundtruth sample among others.

* If there isn’t an external sampler, we can either use autoregressive
energy of sampling one dimension at a time, or gradient-based
Langevin MCMC.

Langevin MCMC: Sff = ka L A (%VyEQ(Xi,yf_l) + wk) ,wk ~ N(0,0’)

1

e Fo(xiyi)

Loss: L = Zz —log(pe(y; | %, {S’i}j) po(yi | X, {¥i}; = RN ICTE NS S P IR TR
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Non-Parametric Cost Volume for 2D Planning

* Interpretability (both costs and planner inputs)

Rasterization

Semantic Occupancy

\ .
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Non-Parametric Cost Volume for 2D Planning

* Interpretability (both costs and planner inputs)

* Use spatial geometry to form cost from explicit objects

* Predict spatial cost volume
* Rasterize the scene for spatial inputs
* Predict soft occupancy volumes (present and future)

Rasterization Semantic Occupancy

\ .

\ .

)

ANYU




Learning Through Interpretable Predictions
— -

* Semantic occupancy, motion field,
Dnvable area Intersections

mapping, etc. as intermediate predictions. .- —

Reachable Distance Transform Reachable Angle
e . i b
Inputs Scene Representations Motion Planning bn
Voxelized LiDAR Backbone v BRI Ontine map Retrieval-based Occupancy Temporal Motion Field
Network *‘4 _;\ Trajectory sampler
: |]Im " S Costing t=0 t=1 t=2
= l B - 0 >
: L] WA Perception & i \—’/> N — 2
: Prediction PYnamic state g . Fow — LB
i o}
High-level Goal : ] Routing 3
" " f= e i [ @)
KEEP STRATGAT \/// W
C
Q
0
Casas et al. MP3: A Unified Model to Map, Perceive, Predict and Plan. CVPR 2021. S




Learning Through Interpretable Predictions

——
* Semantic occupancy, motion field, - ]

Drivable area Intersections

mapping, etc. as intermediate predictions. -

* Differentiable, supports end-to-end .- —
|nterpretab|e |ea Fnlng from perCeptIOn tO Reachable Distance Transform Reachable Angle
planning. o e

9 - -~ : fo - / —

Inputs Scene Representations Motion Planning bn

T Backbone  Mapping  Online mop Retrieval based Occupancy Temporal Motion Field

///// ,{\ Trajectory sampler
A /// | | Ilm n N Costing t=0 t=1 t=2
: L] i Perception & . \’//\‘_. f — é
. L Prediction ynamic state % e Flow — . Flow —
High-level Goal Routing 0
- s - O
" " f= 4 py . e
fEEp STRATGHT \/ W
C
9
s}
Casas et al. MP3: A Unified Model to Map, Perceive, Predict and Plan. CVPR 2021. S




Value Iteration Networks

* A network design for predicting cost volumes that are grounded from
the classic value iteration algorithm.

(]
Tamar et al. Value Iteration Networks. NeurlPS 2016. 1 NYU
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Value Iteration Networks

* A network design for predicting cost volumes that are grounded from
the classic value iteration algorithm.

e Classic VI altorithm:
V*(s) = max, V™ (s)

VT(s) =E" 3 2o v'r(se, ar)

(]
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Value Iteration Networks

* A network design for predicting cost volumes that are grounded from
the classic value iteration algorithm.

e Classic VI altorithm:
V*(s) = max, V™ (s)

VT(s) =E" Y o v'r(se, ar)
Qn(s,a) = R(s,a) +v )., P(s']s,a)V,(s')
Vihi1(s) = max, Qn(s,a)

7 (s) = argmax, Q. (s, a)




Value Iteration Networks

* Reward and previous value are fed into a network to generate Q of A
channels. Transition matrix is convolutional kernel. Then Max-Pooling.

Qn(s,a) = R(s,a) + 72, P(s'|s,a)V,(s')

Vihi1(s) = max, Qn(s,a)

Value Iteration Network

VI Module

fR ..........

fP?

R Plan on g
P:

_ : ki
“Imop ar[ Vo _‘

Observation g

Attention

©-

~—~
VA

~—
v

Ll : e Voo

.................

7rre(a|¢(s)ﬁ U(S))

New Value

VI Module
' Prev. Value ! L
¥ Reward Q
i ﬁ % ...............
E F ..... [ e R
Lo €

K recurrence

Tamar et al. Value Iteration Networks. NeurlPS 2016.




Value Iteration Networks

* Select the current state and choose an action from softmax.

a ~ softmax,(Q(s,a))

Value Iteration Network VI Module
fl o Module " Prev. Value | L
I — >V ¥ Reward Q =
Ir . p: |MDP M Y ' b N L N Q Vv
H L PR e
Observation g S S 11 e — I 0
¢(3) >| Attention A e '
.................... — . |
w(‘S)__’I Reactive Policy Lommeoen R ——
Tre(a|@(s), 9 (s)) K recurrence

Tamar et al. Value Iteration Networks. NeurlPS 2016.



Backprop through Planning

* Treat planning as an end-to-end layer. Can be used for RL/Imitation.

Backprop

(_f

States I:> Policy I:> Actions |:> Loss
I—I—I

|:> Learnable MPC Module |:>

Submodules: Cost and Dynamics
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Backprop through Planning

* Treat planning as an end-to-end layer. Can be used for RL/Imitation.
* Option 1: Unrolling a finite number of steps
* Option 2: Solve till convergence, backprop for a finite step

Backprop

(_f

States I:> Policy I:> Actions |:> Loss
I—I—I

|:> Learnable MPC Module |:>

Submodules: Cost and Dynamics




Backprop through Planning

* Treat planning as an end-to-end layer. Can be used for RL/Imitation.
* Option 1: Unrolling a finite number of steps

* Option 2: Solve till convergence, backprop for a finite step

* Option 3: Converged at fixed point: Implicit differentiation

Backprop

é—f

States I:> Policy I:> Actions |:> Loss
I—I—I

|:> Learnable MPC Module |:>

Submodules: Cost and Dynamics




Implicit Differentiation x,

. . _ - *
e Unconstrained case o Optimizer . T
x* = argmin f(x; 0). f(@e) = f(@i1) < €
xr

Liao et al. Reviving and Improving Recurrent Back-Propagation. ICML 2018.




Implicit Differentiation

Lt
. . _ - *
* Unconstrained case o Optimizer . T
x* = argmin f(x; 0). f(@e) = f(@i1) < €

o

d "
0= d—HJf’w*(m ,9)

Liao et al. Reviving and Improving Recurrent Back-Propagation. ICML 2018.




Implicit Differentiation x,

* Unconstrained case Ty — Optimizer .
x* = argmin f(x; 0). f(@) = fl@ia) < e
d
0= d9 Jf x* (CIZ 9)
9, 8:13* 9,
L 0 o 6
0= g Tra@:0) 55 + 55 1e(@7:0)

@
Liao et al. Reviving and Improving Recurrent Back-Propagation. ICML 2018. 1 NYU




Implicit Differentiation x,

 Unconstrained case Lo —>—{ Optimizer »x*
x* = argmin f(x;0). fl) — f@i) < €
d
0= dGJf“’ (CIZ 9)
0 ox* 0
0= e me (a: 9) 90 aHwa (:U 0)
ox* 0
0=Hyo-(x"50) 50 + 55712 (27 0)

ANYU




Implicit Differentiation x,

* Unconstrained case L0 * Optimizer > ™
x™ = argmin f(x; 8). Fl@e) = flwe) < €
0= ddG Sz (2" 0)
0= 853 Jfze (X 9)%9* 5’69wa (x™*;0)
0= Hf o (2*;0) %a; 889 Tt o (273 0)
%";* = Hy o (z*;0)" 889 Tt o (2" 0).

ANYU




Implicit Differentiation

* How to compute Hessian inverse
vector product?

Liao et al. Reviving and Improving Recurrent Back-Propagation. ICML 2018.




Implicit Differentiation

Conjugate Gradient Method
rg = b — AX()

* How to COmpUte HeSSian inve rse if r( is sufficiently small, then return x, as the result
vector product? Po = 1o
k:=0
« Conjugate gradient, solve Ax = b epeat
o I‘k T
e P;\TAPk

Xkt+1 1= X T O Py
Tpp1 = Tp — aprApg
if ry. ;1 is sufficiently small, then exit loop
r£+1rk+1
B = 2
I‘k | 3
Pii1 = Thi1 + BkPy
k:=k+1
end repeat

return X5 ; as the result

Liao et al. Reviving and Improving Recurrent Back-Propagation. ICML 2018.




Implicit Differentiation

* How to compute Hessian inverse
vector product?

« Conjugate gradient, solve Ax = b
* Neumann series (finite truncation)

(I—A)~t =372, 4%

* Same as backprop the last K steps
(Option 2).

* Memory savings.

Liao et al. Reviving and Improving Recurrent Back-Propagation. ICML 2018

Conjugate Gradient Method
rO:::b-—IXXO

if ry is sufficiently small, then return x( as the result

Po ‘=T
k:=0
repeat
r{rk
qf 1=
PZ Ap;

Xkt+1 1= X T O Py
Tpp1 = Tp — aprApg
if ry. ;1 is sufficiently small, then exit loop

r£+1rk_1
Br == —
rkrk
Pii1 = Tit1 + BePi
k:=k+1

end repeat
return X5 ; as the result




Differentiable LQR

T
* Now add linear equality argmin 3 }TtTOm P
constraints on the dynamics rr 2
and initialization.

= subject to xt11 = Fi1 + f1, 21 = Tinit.
T1:T — {xta ut}l:T

Amos et al. Differentiable MPC for End-to-end Planning and Control. NeurlPS 2018.




Differentiable LQR

* Now add linear equality
constraints on the dynamics
and initialization.

T1:T — {xta ut}l:T

: o or Oty
* Chainrule: 35 = 777~ T

Amos et al. Differentiable MPC for End-to-end Planning and Control. NeurlPS 2018.
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1
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Differentiable LQR

T
* Now add linear equality argmin 3 }TtTOm P
constraints on the dynamics rr 2
and initialization.

= subject to xt11 = Fi1 + f1, 21 = Tinit.
T1:T — {xta ut}l:T

: oL oL 9Ty, .
« Chainrule: 35 = 55— 35—- General QP 1

tr x* = argmin 5:13TQ:1: +c'x

subject to Ax = b.

Amos et al. Differentiable MPC for End-to-end Planning and Control. NeurlPS 2018.




Differentiable LQR

T
* Now add linear equality argmin 3 }TtTOm P
constraints on the dynamics rr 2
and initialization.
T1:T — {xta ut}l:T
: o or 0Ty, .
° Cha|n rule: % — anT 819-T . Ger;eraIQP. 1 - -
: T = aremin —x r+c' x
o KKT: gmin 52 ¢

subject to xir1 = Fi1i + fi, 21 = Tinit-

subject to Ax = b.

Amos et al. Differentiable MPC for End-to-end Planning and Control. NeurlPS 2018.




Differentiable LQR

* Now add linear equality
constraints on the dynamics

and initialization.

T1:T — {xta ut}l:T

. : Lo _ o0 Otip
Chaln rU|e. 90 an:T 90 -
e KKT: o
Q A'llz*] [-c
A 0 _)\*_ | b
x*|
K s = 0.

Amos et al. Differentiable MPC for End-to-end Planning and Control. NeurlPS 2018.

T
1
argmin Z §TtTC’t7't + ctT Tt

Tl:T t:].

subject to xir1 = Fi1i + fi, 21 = Tinit-

General QP:
* 1 T T
T” = argmin o Qr+c x

subject to Ax = b.

In classic LOR solver, the Riccati recursion solves this
linear system.

ANYU




Differentiable LQR

* Apply differentiation % (K RD _ j_z, % {ﬂ K [jdﬂ _ dv

Amos et al. Differentiable MPC for End-to-end Planning and Control. NeurlPS 2018.



Differentiable LQR

* Apply differentiation % <K RD _ j_z, % {:ﬂ K [jdﬂ _ 3_;

dax* dx* dx* dx* dx* % %
klae |~ x| de ab dg da | _|—{ 0 -z —A
| = a0 7 0 .
a6 dc  db  dg dAa

Amos et al. Differentiable MPC for End-to-end Planning and Control. NeurlPS 2018.




Differentiable LQR

* Apply differentiation % <K RD _ j_z, % {:ﬂ K [jdﬂ _ 3_;

da* da™ de™ de* de™ % %
klag| = gl de a6 dq aa| _ |=L 0 —2" —A
d\* | — dX\* dX\* dX\* d\* | — *

0 I 0 —

de de db dQ dA
o¢ [dz=" dz* _oe __o¢
K de, db, | — ox* Kd* = ox*
o= |45 87| 6 0

Amos et al. Differentiable MPC for End-to-end Planning and Control. NeurlPS 2018.



Differentiable LQR

* Apply differentiation % <K RD _ j_z, % {:ﬂ K [jdﬂ _ 3_;

K 10 _ K de  db dg da | _ |- 0 —z* =X
x| = dX*  dx* dXT AN | T g T 0 —g

6 de  db  dQ dA
o¢ [dz=" dz* _oe __o¢
K 'dd)\c* ddf*“ = ’ aw*] Kd* = ’ 8w*]
0z* |55 o 0 0

* Equivalent QP:
1 ¢ "
d* = argmin —d' Qd + ot d,
d 2 ox*

subject to Ad = 0.

Amos et al. Differentiable MPC for End-to-end Planning and Control. NeurlPS 2018.



Differentiable LQR

* Apply differentiation % <K RD _ j_z, % {:ﬂ K [jdﬂ _ 3_;

da* da™ de™ de* de™ % %
klag| = gl de a6 dq aa| _ |=L 0 —2" —A
d\* | — dX\* dX\* dX\* d\* | — 0 T

a0 dc db  dQ dA 0 -z
o¢ [dz=" dz* _oe __o¢
K de, db, | — ox* Kd* = ox*
o |4 &1 ;

* Equivalent QP:
or T or 1

* . 1 T —:—d* * * d*
d" = argcrtnm§d Qd—l—% d, 50 2( SRz +xF®d)
subject to Ad = 0. %:di@m*+}\*®d;.

Amos et al. Differentiable MPC for End-to-end Planning and Control. NeurlPS 2018.




Differentiable LQR

* The backward pass can also be formulated as a LQR problem.

* SwapctoV«fand f to 0.

Module 1 Differentiable LQR (The LQOR algorithm is defined in appendix A)

Input: Initial state Zinit
Parameters: 0 = {C, ¢, F, f}

Forward Pass:
1: miip = LQR - (Zinit; C, ¢, F), f) > Solve (2)
2: Compute A\.7 with (7)

Backward Pass:
1: dF, .. = LQR,(0; C,V,+£, F,0) > Solve (9), ideally reusing the factorizations from the forward pass

T1:T

2: Compute d} | .. with (7)
3: Compute the derivatives of £ with respect to C, ¢, F), f, and Zinit With (8)

L | ‘A NYU
Amos et al. Differentiable MPC for End-to-end Planning and Control. NeurlPS 2018. 1




Differentiable MPC

* What about general MPC?

T
argmin Z Ct (a:t, Ut)

1. T ExaulzT Eu t—=1

subject to x¢11 = f(4, ut), T1 = Tinit-

Amos et al. Differentiable MPC for End-to-end Planning and Control. NeurlPS 2018.




Differentiable MPC

* What about general MPC?

argmin E Ct th,ut

z1.7E€X UL EU T
subject to x¢11 = f(4, ut), T1 = Tinit-
* Use Taylor expansion to approxmate
C@ += Co +(7¢) + p} (Tt — i)+ 5(me — ) Hi (e — 7).

@
Amos et al. Differentiable MPC for End-to-end Planning and Control. NeurlPS 2018. 1 NYU




Differentiable MPC

* What about general MPC?

argmin E Ct th,ut

r1.7 €X u1.r €U s
subject to x¢11 = f(4, ut), T1 = Tinit-
* Use Taylor expansion to approxmate
C@ +=Co t(Tt) + 1 (Tt — 1)+ %(Tt — 1) Hi(e — 7).
* Fixed point iteration
it = argmin_ 3, Ci(r}).

@
Amos et al. Differentiable MPC for End-to-end Planning and Control. NeurlPS 2018. 1 NYU




Differentiable MPC

* What about general MPC?
argmin Z Ct th, Ut
r1.7T€EX,u1.TEU —1
subject to x¢11 = f(4, ut), T1 = Tinit-
* Use Taylor expansion to approxmate
C@ o Co t(Tt) +Pt (Tt - Tt) + %(Tt — TE)THf(Tt — Tti)'
* Fixed point iteration
7't = argmin_ Zf Ci(1}).

* Backward only depends on final quadratic approximation.
A NYU




Behavioral vs. Trajectory Planning

* Gradient-based optimization provides a locally optimized trajectory.

SPEED
LIMIT
B 80
Headway

Obstacle  Driving Path Lane

»/
L.
-

Scenario W

Z1

| = <
i ‘—' f=wlec —

Sampler T(B)

Behavioral

Select lowest cost f

Trajectory fitting @

—

&

f=w'c
Optimization u*

Trajectory Gb

Sadat et al. Jointly Learnable Behavior and Trajectory Planning for Self-Driving Vehicles. IROS 2019.
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Behavioral vs. Trajectory Planning

* Gradient-based optimization provides a locally optimized trajectory.

» Samples may be needed for reasoning global structure. SPEED
B 80
Lane Headway

Obstacle  Driving Path

enari

A

. 2
i ,‘—' f=wlec —

Sampler T(B)

Behavioral

Select lowest cost f

&l

Trajectory fitting @

—

&

f=w'c
Optimization u*

Trajectory @

Sadat et al. Jointly Learnable Behavior and Trajectory Planning for Self-Driving Vehicles. IROS 2019.
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A

. Z
i ,‘—’ f=wc —

¢/
L.
-

Scenario W

Behavioral vs. Trajectory Planning

* Gradient-based optimization provides a locally optimized trajectory.

» Samples may be needed for reasoning global structure.
* Can learn together using the same learned costs.

Sampler T7(B)

Behavioral

Select lowest cost f

&l

Trajectory fitting @

—

\ 4

f=w'c
Optimization u*

Trajectory é

Sadat et al. Jointly Learnable Behavior and Trajectory Planning for Self-Driving Vehicles. IROS 2019.
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Planning with Social Reasoning

* Jointly reason the future trajectories of multiple agents as an energy-

based graphical model. p(s1,...,sn | X) = L exp(—Ep(s1,...,sn) | X)

Multi-modal Multi-actor
@ B @ Prediction Interaction
ﬁ

I

(

\
-
i
i
1

Trajectory [
Sampler

Zeng et al. DSDNet: Deep Structured Self-Driving Network. ECCV 2020.




Planning with Social Reasoning

* Jointly reason the future trajectories of multiple agents as an energy-
based graphical model. p(s1,...,sn | X) = L exp(—Ep(s1,...,sn) | X)

* Trajectory Goodness + Collision.
J Yy ZZEQ(SZ |X)+Zz7g] E(Siysj)

E(si,s;) = if s; collides s;

Multi-modal Multi-actor

a B @ Prediction ' Interaction
{ @
\
L2 o
]
I e ———————— e e et e e e oo o
! > P=005~ \ : Message

Trajectory [
Sampler

Zeng et al. DSDNet: Deep Structured Self-Driving Network. ECCV 2020.




Planning with Social Reasoning

* Jointly reason the future trajectories of multiple agents as an energy-
based graphical model. p(s1,...,sn | X) = L exp(—Ep(s1,...,sn) | X)

* Trajectory Goodness + Collision.
J Yy ZZEQ(SZ |X)+Zz7g] E(Siysj)

* Batch of trajectory samples.
E(si,s;) = if s; collides s;

Multi-modal Multi-actor
- B ¢ Prediction - Interaction
| @
\
5=
2 B
: (-> p 0.05 ~ - : Message

Trajectory [
Sampler

Zeng et al. DSDNet: Deep Structured Self-Driving Network. ECCV 2020.
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Planning with Social Reasoning

* Jointly reason the future trajectories of multiple agents as an energy-
based graphical model. p(s1,...,sn | X) = L exp(—Ep(s1,...,sn) | X)

* Trajectory Goodness + Collision.
J Yy ZZEQ(SZ |X)+Zz7g] E<Siysj)

L , E(s;,s;) =~ if s; collides s;
* Classification of groundtruth trajectory. (8,8 =7 g

* Batch of trajectory samples.

Multi-modal Multi-actor
- B ¢ Prediction - Interaction
{ @
\
5-
2 B
: (-> p 0.05 ~ - : Message

Trajectory [
Sampler

Zeng et al. DSDNet: Deep Structured Self-Driving Network. ECCV 2020.




Summary: End-to-End Planning and Control

* Direct Policy Prediction

 Condition perception features into the model
* Use of diffusion models
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* Cost Learning (IRL) from Experts
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* Need negative samples
* Can be combined with efficient external samplers
* Cost volume prediction: parametric + non-parametric




Summary: End-to-End Planning and Control

* Direct Policy Prediction

 Condition perception features into the model
* Use of diffusion models

* Cost Learning (IRL) from Experts
* Max-margin, max-entropy/EBM
* Need negative samples
* Can be combined with efficient external samplers
* Cost volume prediction: parametric + non-parametric

* Differentiable Planner

 Backprop through local optimization, learnable cost

* Can be memory efficient, implicit differentiation
‘4 NYU




