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Lecture Slides for Note Taking




Logistics

* Next week will be the last lecture.
* Student topic presentation begins.

Component 1 Component 2
Week 6 (Feb 27) End-to-End Planning, Continual  Tutorial: LLM Agents

Learning (1.5 hr) T _
Week 7 (Mar 6) Continual Learning, Few-shot Deep Learning for Structured Prediction

Learning (1 hr) Kangrui YU, Tanishq Sardana, Qing Mu, Owais Shuja
Week 8 (Mar 13) Guest Lecture - 3D Vision and Mapping

Prof. Wei-Chiu Ma (1 hr) Sihang Li, Kanishkha Jaisankar, Denis Mbey Akola, Zijin Hu
Week 9 (Mar 20) SSL and Object Discovery World Model 1
— —~— Anurup Naskar, Dahye Kim, Sal ~ Sidhartha Reddy Potu, Andrew Deur

Yeung, Surbhi (1.5 hr)

Week o Spring Breaf.

ANYU




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.



Multi-Agents Joint Prediction

* Joint predict future trajectories by

attending to other actors. Recurrent Module
[ Actor States \ -
_______ input Representation _____ Mult-Sensor Object |/ e e
| Road mask /4 — ]_' | | Interactive Actor =0 &=l =
e H 2 [ b T EoaES Gl Interaction Attention
' BEV Voxel of ! A 3 B \" ' 4 /=

Network Actor Features &
. States @ t=0

AR X [ Continuous J """" [/ Interaction™\
i ! Fusion I
: ¥ R . - | \_Transformer
Ry : ! -1\ T
Camera AOVERS - G ! “ {3 Image Stream ]
e o - i e,

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




Latent Prediction + MPC

(a) Training DINO-WM (b) Test-time Inference

* Using MPC on the latent space of
pretrained visual encoders.

* Learn a predictor of latent states
conditioned on actions.

ot 9 O — & — [0 — - — & —»[ [T 5”4/

4 241 : 2142 ir

Zhou et al. DINO-WM: World Models on Pre-trained Visual Features enable Zero-shot Planning. 2024.




World Model in Video Prediction

* Text+action conditioned generation. Diffusion decoder.

1.
image
L—— decoded ——

encoder 9 2 I I
. 2 frames
. >
action R IS
encoder 9 2- ' ' - m

input output
tokens tokens

1

O >
autoregressive
n o prediction

“I am approaching a 1
crossing yielding
- to Pedestr1ar.1?. N text 92-
“It is safe to move encoder

so I am now n

accelerating” -

Hu et al. GAIA-1: A Generative World Model for Autonomous Driving. arXiv 2023.
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World Model in 3D volume prediction

* Autoregressively predict future 3D point clouds.

Observation Encoder

Decoder Reconstruction

BEV Tokens )

Tokenizer f

e Ve Yer?
? AT % f z
Diffusion steps Autoregressively
gl ' D predict future frames

Predict | Spatio-Temporal <t S8 L.
...... @‘ % @D % © frame t+1 { Transformer % ﬁ % frame t+

t+2
Past observation tokens and achons World Model ! :} é ﬁ 7. Action at t+1

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

* Explicit object representation
* Traditional, light weight, instance-specific, hard to learn jointly
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* General-purpose, unstructured




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

* Global latent, RNNs, graph landmarks
* General-purpose, unstructured

* Raw video/3D prediction
* Expensive, good for simulation




Imitation Learning

* The explicit pollcy model, superwsed d learning (behavior cloning)

(} f@ L = min;||a; — al|3 L =—loga,
r___/__——’
s

ANYU




Imitation Learning

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

CAL:fQ(SU) EZmIHZHCLZ—CALH% L= _log&j

* Energy-based (cost-based) approach

= argmin_ F(z, 7)
m exp(E(x,T
@eXp(E(wﬁ))




Imitation Learning

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

CAL:fQ(ZU) EzmmzHaz—&H% L= _log&j

* Energy-based (cost-based) approach

7" = argmin_ F(x, 7)
_ _exp(E(z,7))
PIT12) = T e(Bte.m)
* 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 Gradient Field
conditioned on observation features. Q
f@: a@%Ot, AW"N(O, 0'2]) ) %ﬂugjz;l)’ﬂifi:
(0 £:MSEOt,At—|—€k,]€)) R " """" : i
5 ' 3 c9(0,a);
A».e Input: Image Observation Sequence é 2 o

—J

Lmgh gﬂ.';. : 5

i 1 Al

24

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




Cost/Value Volume Reasoning

* Interpretability (both costs and planner inputs)

N

Rasterization Semantic Occupancy
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Cost/Value Volume Reasoning e

((;
- ob stacles

* Use spatial geometry to form cost from explicit object{s/

——

* Interpretability (both costs and planner inputs)

Rasterization Semantic Occupancy
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Cost/Value Volume Reasoning

L

* Interpretability (both costs and planner inputs)
* Use spatial geometry to form cost from explicit objects

V4
* Predict spatial cost volume ‘%7
* Rasterize the scene for spatial inputs
* Predict soft occupancy volumes (present and future) ,_,\éﬂ
Rasterization : Semantic Occupancy \ © : t
— “ | C -

[ X'T' &CDC‘('-




Learning Through Interpretable Predictions

°S tic occupancy, motion field,
Intersections

mapping, etc. as intermediate predictions. ' - “
= S

Reachable Distance Transform Reachable Angle
- - 7 ‘ _:_ = ,"’ - / —
Inputs Scene Representations Motion Planning g Fi
; i Mapping  Online map Retrieval-based . .
Voxelized LiDAR Backbone
s o 7’\ Trajectory sampler Occupancy Temporal Motion Field
Ga i1z i T Costing 3 B B
. - e t=0 t=1 t=2
; L] W Perception & i V—a 2 W
: priction Dynamic state =
High-level Goal , , Routing = i~ Flow — —~ Flow —
. - S O
" " ax - ~ O
fEep STRATGHT \// W, 8
s (=P
2 [
O
Casas et al. MP3: A Unified Model to Map, Perceive, Predict and Plan. CVPR 2021. S




Learning Through Interpretable Predictions

* Semantic occupancy, motion field,
mapping, etc. as intermediate predictions

* Differentiable, supports end-to-end
interpretable learning from perception to

Inputs Scene Representations Motion Planning
Voxelized LiDAR Backbone Mapping Snlasmep Retrieval-based
Network ‘F Trajectory sampler
2 n ™ Costing

High-level Goal

it STRATGHT \//

Casas et al. MP3: A Unified Model to Map, Perceive, Predict and Plan. CVPR 2021.

-.’ -

Intersections

.
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Reachable Distance Transform

Drivable area

= ~Li

Occupancy

Motion

I o

Occupancy

t=0

- Flow —
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Temporal Motion Field
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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.

Zeng et al. End-to-end Interpretable Neural Motion Planner. CVPR 20189.



. - t
| ]Max—Margin Planning with Explicit Cost Volume

v

* 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.

0 A
1(Z f,yt)}z 1.

Zeng et al. End-to-end Interpretable Neural Motion Planner. CVPR 20189. ef)(()ut MDM ((/ NYU




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.

,

~

V' dyamey

argmin




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




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)

argmin @maxlz Colze, yi] — ColZi, 93] + d

‘ {(sc:,@% y

ANYU




EBM Planning

* Energy-based framework also needs negative samples.

Florence et al. Implicit Behavioral Cloning. CoRL 2021.




EBM Planning

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

Florence et al. Implicit Behavioral Cloning. CoRL 2021.




) ) expert)C) E/

NN L4

* Energy-based framework also needs negative samples.

EBM Planning

e “Pick” the groundtruth sample among others. K

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

@
Florence et al. Implicit Behavioral Cloning. CoRL 2021. 1 NYU




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_l — A (%vyEQ(XZ', yf_l) @ ,wk ~ N(O, o).
¢T~

Florence et al. Implicit Behavioral Cloning. CoRL 2021.




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: yz = yf L _ A (%VyEQ(Xi,yf_l) + wk) ,wk ~ N(O, O').

—Eg(x;,¥;)
Loss: [ — Z —log pg@‘ X @ yz | X, {Yz}j - —Eg(xi,yf)_‘_g:.eiEe(xi—FSIi,j)
J

@
Florence et al. Implicit Behavioral Cloning. CoRL 2021. 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.

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




Value Iteration Networks

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

e Classic VI altorithm:

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




Value Iteration Networks

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

. CIaSS|c VI aItorlthm pad p0/67

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




Value Iteration Networks

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

. Classic VI altorithm:

= max, V" (s)

“ E@Zr =0 (51, 0t br(ss, aq)

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




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)

V7 (s —E”Zt 07 r(S¢, at)

Quls) = Rs0) 7 5, Pl )

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




Value Iteration Networks

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

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

Vis) =E" 32071 (st, ar)
Qn(s,a) = R(s,a) + 7., P(s']s,a)Vy(s')

Vit1(s) ¥ maxqQn (s, a

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




Value Iteration Networks

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

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

V7 (s) = BT 50021 (s, o)
Qu(s,a) =(B(s, a7 S, P([5,0)Va(s")

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

@25) = argmax, Qoo (s, a)

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




[ ]

Value Iteration Networks —

)

* Reward and previous value are fed into a CNN to generate Q of A

. Transition matrix is convolutional kernel. Then Max-Pooling.
n(s,a)= R(s,a) + 72y P(s'ls,a)Va(s)  Viqi(s) =max, Qn(s, a)

o t
Value Iteration Network VI Module o ok Po (‘"‘5
Gten . '
fo| ViModule | Prev. Value ! '..\( : =~
s D P I . New Value
i R s Plan on —>V*._ . Reward Q —
feli 57 T Imop ML iYL : vV
P :: R | I Og e, Ao
Observation g H . F 11 |—?—_‘I‘_Il:l ................ B R R O
¢(3) >| Attention 2 M e
' L .’If
e ‘l’ ....... - \ : I):
w(s)_-’l Reactive Policy ~—— S S ==
Tre(alp(s),1(s)) K recurrence
Tamar et al. Value Iteration Networks. NeurlPS 2016. (?‘ NYU




e Select the current state

Value Iteration Networks

Il/\/) ,’ha’\

RL.

choose an action from softmax.

Observatlon

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

Value Iteration Network
VI Module
Rl =" 1 ...
p SRE_)PIanorl L
Pl 5 [MDP M| T —‘
¥
>| Attention
o

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

Tre(alg(s), ¥ (s))

______________

VI Module

New Value

K recurrence

Tamar et al. Value Iteration Networks. NeurlPS 2016.
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* A baseline would be to untie the weights through iterations, more
like a feedforward CNN.
* Achieve more training data efficiency by imposing the structure.

Value Iteration Networks

Training data VIN VIN Untied Weights
Pred. | Succ. | Traj. | Pred. | Succ. | Traj.

N\, loss | rate, | diff. | loss I diff.
(20% 0.06 (98.2% 1} 0.106 | 0.09 {91.9% ) 0.094
50% 0.05 | 99.4% | 0.018 | 0.07 | 95.2% | 0.078
100% 0.05 | 99.3% | 0.089 | 0.05 | 95.6% | 0.068

Tamar et al. Value Iteration Networks. Neu

riPS 2016.
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Backprop through Planning LJE/S%

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

Backprop

States

|:> Policy a
|—I—|

Learnable MPC Module

Submodules: Cost and Dynamics

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

Actions |:> Loss




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

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 K
* Option 2: Solve till convergence, backprop for a finite step \5& ‘
]T—BFTT,,

Backprop

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

|:> Learnable MPC Module |:>

Submodules: Cost and Dynamics

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



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

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

|:> Learnable MPC Module |:>

Submodules: Cost and Dynamics




Implicit Differentiation -,

(' N
A

by Optimizer } oL

* Unconstrained case @

2 argmin@x; 9) ‘ f(e) = fe—1) <e?\
T o
. Cosy

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




Implicit Differentiation x,

(o't

* Unc Ined case / o v Optimizer9 > T
7
* )= I . (@) — f(@e—1) < €?
T”)= argmmmf(:v,Q\). l/ pa meter . (#) — f(@e) {

*

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



Implicit Differentiation x,

* Unconstrained case L0 . Optimizer > "
x* = argmin f(a;, 0), f@:) = f(@i) < €
£L
| faw* (@ 60)
0 . . 0x* 0 )
0= —Jf,m*(a: ,9) —Jf,m*(w ,0)

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



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 e

* Unconstrained case Lo —*—{ Optimizer @
x* = argmin f(x;0). fl) — f@i) < € L
d
0= 10 Jf x* (m 9)
0 ox* 8
z* 0 z 0
0= g Tra@:0) 55 + 55 1e(@7:0)

ox* 8

0=Hyqp-(x*;0) — Ji - (27;0)

00 (‘90

ANYU

Liao et al. ReMeerind Improving Recurrent Back-Propagation




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
ro:=b— Axg— ]

* HOW tO com pUte HeSSian inve rse if r( is sufficiently small, then return x as the result
vector product? Po =10
* Conjugate gradient, soIve[Aa: =b J repeat i
< o TyTy
S‘O k/e x Ak = pZApk

X _ A.sfé Xp+1 = X + 0Py,
' rk+1 =T — Qg
if ry. ;1 is sufficiently small, then exit loop

r-i:'-ﬂrkﬂ
B = 22
I‘k T
Pii1 = Thi1 + BkPy
k:=k+1
end repeat

return x5 .1 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 serles ﬂnlte truncatlon)

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

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

20
Jv.

Conjugate Gradient Method

rO:::b~—1&x0
if r( is sufficiently small, then return x as the result
Py ‘=T
k:=0
repeat
rgrk
Qap 1=
¢ Pz; Ap; !’ (V
Xkt+1 1= X T O Py P

i1 i=Tp — o Ap;

if ry.q is sufficténtly Small, then exit loop
rZ+1rk+1

Br == —

rkrk

Pii1 = Thi1 + BkPy

k:=k+1

end repeat

return x5 .1 as the result

ANYU
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* Now add linear equality
T (C
constraints on the dynamics l_/tGE\ {lww{—(ou

and initialization.
T = { e, U 17 SubJect to ?FtTt + ft,xl = Tinit-

e

——

Differentiable LQR

‘

((r’\ e, ~

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




Differentiable LQR

* Now adq linear equality | argmmz ~r T Cyry
constraints on the dynamics i
and initialization. ,
g ut}1 - subject to x4 1 = Fye 4+ fi, 1 = Tinis-

¢
* Chain rule: @ @ T

_— | ANYU
Amos et al. Differentiable MPC for End-to-end Planning and Control. NeurlPS 2018. 1




Differentiable LQR

T
* Now adq linear equality | argmin Z thTCtTt
constraints on the dynamics o 2
and initialization. ,
T = { e, U 17 subject to x¢11 = Fimt + ft, 1 = Tinit-
* Chain rule: % = 87?1£T 8gléT. General QP: |
| x* = argmin inQw +c'x

subject to Ax = b.

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




Differentiable LQR

T
. . . . 1

Now adq linear equality | argmin Z ~r T Oy

constraints on the dynamics o 2

and initialization. ,

T = { e, U 17 subject to x¢11 = Fimt + ft, 1 = Tinit-
: o or Oy,

* Chainrule: 55 = 5 35 - General QP: |
e KKT: x" = argmin inQw +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 : 1
argmin —71, C4T
constraints on the dynamics %:T ; o't Wt
and initialization. , B
Tir = {@t, U b subject to xyy1 = Fi7 + fi, 1 = Tinie-
- or _  9¢ Oy
* Chainrule: 35 = 777~ T General QP: . ]
e KKT: x" = argmin 5T Qxr +c' x
Q AT] x| [_C] |
= subject to Ax = b.
. [A 0 b ) -

\\ * ]
£Xr
@[)‘* p— @ In classic LQR solver, the Riccati recursion solves this linear system.

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




Differentiable LQR

d ¥y [w] _d
* Apply differentiation dé 6
dK [x* dz”1  dy
ao o)) =G

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




Differentiable LQR

CE

* Apply differentiation o \ [N/ de
dK |x* dee” ] dv

o L K| d6 | = —

i |3 | -

—I 0 —x* =\
0 I 0 —x*

da* da* da* dae* dae*
de | — c db> dg > d _
dA*] =K d\™* d\* d dA\ -

dc db dQ dA

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




Differentiable LQR

* Apply differentiation 59 (K lf\] - g_z'
dK [ ] K [jdi@ dv

da* dx* dx* dx* ] Q )\
de] — K de db d@ ]

dx* )\ ax* | ax* dA*
dc db/ dQ dA

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

io (% [3)) = o
* Apply differentiation o \ [N/ de
dK [w] [di dv
T . + K |48 | = —
o | dA' |~ g
da* da” da” da* da* da* da* [ 00T
o o v B R I e 2
* * * * — * % * p—
de db dQ dA 0 1 0 -z 0z* 'fe & | 0
Lo
Kd* = | 09
\ 0

. Equivalent@ — "
d” argmm dTQd —|— — ]./1

—
—_—

subject to Ad = 0.

_— | ANYU
Amos et al. Differentiable MPC for End-to-end Planning and Control. NeurlPS 2018. 1




Differentiable LQR

io (% [3)) = o
* Apply differentiation o \ [N/ de
dK [w] [dw] dv
T . + K |48 | = —
de | -] de
da* da” da” da* da* * * da* da* [ 00T
B o A B R I i AR
de  db  dQ dA 01 0 - 0z* |“fe "3 0
o
Kd"=| 2%
0

* Equivalent QP: -

d 2 ox* ’ 9 2 '\_/‘
<(%:’

subject to Ad = 0. —)=d} Rz + A" @d,.

_— | ANYU
Amos et al. Differentiable MPC for End-to-end Planning and Control. NeurlPS 2018. 1




Differentiable LQR

* The backward pass can also be formulated as a LQR problem.
* SwapctoV £ and f to 0.

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

Input: Initial state Zinit
Parameters: 6 = {C,c, F, f}

Forward Pass:
l: 7'y = LQRT(a:m,t‘ C,c\F, f > Solve (2)
2: Compute A}, with (

Backward Pass:

1. dy, . = LQRT(O C, VT*E F,0) > Solve (9), ideally reusing the factorizations from the forward pass

T1:T

2: Compute d} Ay With (7)
3: Compute the derlvatlves of £ with respect to C k2 F f and Tinit With (8)

_— | ANYU
Amos et al. Differentiable MPC for End-to-end Planning and Control. NeurlPS 2018. 1




Differentiable MPC

* What about general MPC?

T
argmin Z(C.l (x4, Uty

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?

T
argmin E Ct (a:t, Ut)
xl:TEXaulzTeu t—=1
subject to x441 = f(iUt, ut)v L1 = TLinit-

* Use Taylor expansion to approximate.

~ . T : : : :
C’e,t-Fp% (¢ — 7)) + %(Tt — TZ)THZ(Tt —77).

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

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 Ct th, Ut
x1.7EX U1, TEU ;
subject to x441 = f(iUt, ut)7 L1 = TLinit-
* Use Taylor expansion to approxmate
C@ = Co (7)) +pi (Tt — 7))+ %(Tt — 1) Hi(re — 7).
* Fixed point iteration.
it = argmin_ 3, Ci(r}).
* Backward only depends on final quadratic approximation.

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




\ Behavioral vs. Trajectory Planning

}

* Gradient-based optimization provides a locally optimized trajectory.

SPEED
LIMIT
B 80

Obstacle  Driving Path Lane Headway

z —»,‘—’f=ch—* —’?w:c I:I I:I |:|' I:I

Scenario W Sampler T(B) Select lowest cost f Trajectory fitting Optimization u* \ I:I
'

@ Trajectory Gb ] ] ] ]

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




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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Behavioral vs. Trajectory Planning

* Gradient-based optimization provides a locally optimized trajectory.

» Samples may be needed for reasoning global structure. SPEED
LIMIT
* Can learn together using the same learned costs. l 80
- Mafo N Ac EPIoP .
MA)‘ M 3 / \D H) gbstacle Driving Path Lane Headway
l & f I Z i
= 5 ‘ - f=w'c — TE w i ]
' = - e iy N N Iy
ccccc iow Sampler 7(B Select lowest cost f Trajectory fitting Optimization u* \ ' . N
% 0 0 1 Al
Behavioral Trajectory
9 ; I 5 1 i 1 e 1

N

Sadat et al. Jointly Learnable Be av/@ectory Planning for Self-Driving Vehicles. IROS 20189.




Planning with Social Reasoning i

* Jointly reason the future trajectories of multiple agents as an energy-
based graphical model. p(st,. .. sy | X) = L exp(— Ee@,...,sN) | X)

Multi-modal Multi-actor
(fD 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. S B
. X . . E ’l:, )

E?Si’ SZ'! = @if s; collides s;

Multi-modal Multi-actor {t
= € @ Prediction Interaction ~ L )
{ @ @
\
5-
! 1
1

""""""" -l BTN s "X Nimesy
/-»‘ p=0.01~=A I | Passing |
Trajectory . A A L ; I
Sampler £ : ‘ o ““:’““" :
! 1 | e 1

/

_______________________________________________

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 y 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 y ZZEQ(SZ |X)+Zz7g] E(Siysj)

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

* Classifi of groundtruth trajectory
Multi-modal Multi-actor
= €@ C@ Prediction Interaction
() — —l- (D
{ @
i """""",:-;-p 5551 --------- \ :Iv_le_sga_gé _________

Trajectory [
Sampler

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




Summary: End-to-End Planning

* Direct Policy Prediction

 Condition perception features into the model
 Use of diffusion models




Summary: End-to-End Planning

* 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
r— (\“/




Summary: End-to-End Planning

* 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
* Can be memory efficient, implicit differentiation

ANYU




Module 5:

Continual Learning,
Few-Shot Learning, Meta-Learning




Why Continual Learning?

* The world is not a dataset that allows you to get IID samples.
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Why Continual Learning?

* The world is not a dataset that allows you to get IID samples.
* The world keeps changing and evolving.

* Online vs. Continual
* Online means that samples arrive in a streaming / temporal partial order, but

they may still come from a static distribution.
0 = [(20,0,1) (@ry~ X
* Example: Online reinforcement learning, trajectory roll out is online, but the
environment is the same.

* Continual learning means that there will be distribution shift.

C—
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What is Continual Learning?

Aa Kk werd
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* Distribution shift: Forgettin
* Learning m@and then Byresults in worse performance on A.




What is Continual Learning?

* Distribution shift: Forgetting
* Learning on A and then B, results in worse performance on A.

* Multi-task learning: Forward transfer

* Learning Task A + B results in better learning in Task C compared to learning
C alone. -

* Leverage the similarity between tasks.




What is Continual Learning?

* Distribution shift: Forgetting
* Learning on A and then B, results in worse performance on A.

* Multi-task learning: Forward transfer

* Learning Task A + B results in better learning in Task C compared to learning
C alone.

* Leverage the similarity between tasks.

* Compositionality

* Learning A and B first, and then learning tasks with compose




What is Continual Learning?

»/Distribution shift: Forgetting&/
* Learning on A and then B, results in worse performance on A.

.~ Multi-task learning: Forward transfer

* Learning Task A + B results in better learning in Task C compared to learning
C alone.

* Leverage the similarity between tasks.
’Compositionality
* Learning A and B first, and then learning tasks with composed A+B.

¢ Incremental/curriculum Learning
* Learning A->B->C is easier than at random order.

e @ m—




Continual Learning

Task 1 Task 2 Task 3 Task 4 Task 5
| | 0/ 719
i Lea rn I ng a Seq uence Of taSkS WIthOUt Trst second t:rs‘ sd flirst snd Trst sed selcond
M Class class class class Class Class class class Class Class
looking back.
Task 1 Task 2 Task 10
(permutation 1) (permutation 2) (permutation 10)
CUBEI SRS -
BEEEA BEERE EEEEE

a Tk Task-based continual learning b - Task-free continual learning
ask set ask set
0] /. AEl Ga 0]/ AEl BAa
Data stream Data stream
aoaoo 0oooa aoao (W) aoooa
EII:IEIEIEII | | 00000 0o0ooao Ooo00o00o0oo

)

— button press door open drawer close drawer open peg insert
side

ANYU

(a) Pong variants (b) Labyrinth games (c) Atari games

van de Ven et al. Continual learning and catastrophic forgetting. arXiv 2024.
van de Ven & Tolias. Three scenarios for continual learning. arXiv 2019.




Continual Learning o rement

Task 2 Task 3 Task 4 Task 5
* Learning a sequence of tasks without e ﬂ

Task 2

(permutation 2)

looking back.
e Goal is to do well on all of the tasks at

Task 1

(permutation 1)

0] /7]2|3]4

Task 10

(permutation 10)

EEEIEA R
T T T

the end.

oogoaaog
0o0oooooo

a Tk Task-based continual learning b - Task-free continual learning
ask set ask set
0] /. A& BA 0]/ AeE
Data stream Data stream
DEIDDDI | | 0oooa aoao (W)
00000 00000 0o0oo

(c) Atari games

T 1
N e

(a) Pong variants

button press door open

(b) Labyrinth games

van de Ven et al. Continual learning and catastrophic forgetting. arXiv 2024.
van de Ven & Tolias. Three scenarios for continual learning. arXiv 2019.

drawer close drawer open

msert
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Continual Learning

Task 2 Task 3 Task 4 Task 5
* Learning a sequence of tasks without s
looking back.
e Goal is to do well on all of the tasks at AHPEn EEEEE IIIII
the end GOEIE0 S

T k b d aT } Task-based continual learning bT . Task-free continual learning
Py as Oun ar- ask set ask set
y 0] /. A& BA 0]/ AEl BAa
Data stream Data stream
aoaoo 0oooa aoao (W) aoooa
EII:IEIEIDI | | 00000 0oooo 0o0oooooo
- button press door open drawer close drawer open peg insert

(a) Pong variants (b) Labyrinth games (c) Atari games RISH

van de Ven et al. Continual learning and catastrophic forgetting. arXiv 2024.
van de Ven & Tolias. Three scenarios for continual learning. arXiv 2019.
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Continual Learning

Task 2 Task 3 Task 4 Task 5
* Learning a sequence of tasks without s
looking back.
e Goal is to do well on all of the tasks at EEDED EEEEE llI!l
the end GOGIG0 | S |

a Task-based continual learning b ontinual learning
Task set Task set

0] /. A& BA 0]/ AEl BAa

e Task boundary

L I Data stream Data stream
Memory ConStraIntS DI:IDDD] | | I [ [ oooo Q ooooo
00000 00000 00000 Oooooooo
- button press door open drawer close drawer open msert
(a) Pong variants (b) Labyrinth games (c) Atari games

van de Ven et al. Continual learning and catastrophic forgetting. arXiv 2024.
van de Ven & Tolias. Three scenarios for continual learning. arXiv 2019.
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Parameter Regularization

* Over-completeness Assumption. A {£| la(0) < €}

multitude of models can reach

equivalent performance. San Sg # 0

. | N ANYU
Kirkpatrick et al. Overcoming catastrophic forgetting in neural networks. PNAS 2017. 1




Parameter Regularization

* Over-completeness Assumption. A : {0 204(0) <€}

multitude of models can reach
equivalent performance. SanSp #1

* What is left is to efficiently find
the intersection between A and B.

p(0 | Da) £ N(8;0%,%)

. | N ANYU
Kirkpatrick et al. Overcoming catastrophic forgetting in neural networks. PNAS 2017. 1




Parameter Regularization

* Over-completeness Assumption. A Sa=10104(0) < €}
multitude of models can reach
equivalent performance. SanSp # 0

* What is left is to efficiently find = Low error for task B = EWC

the intersection between A and B. = Low error for task A 1-2 e
p(0 | Da) = N(6;0%, %) |

* Elastic Weight Consolidation
(EWCQ):

L(0) = L0 +22 —0%))?

o ‘A NYU
Kirkpatrick et al. Overcoming catastrophic forgetting in neural networks. PNAS 2017. 1




Computing Fisher

* At the end of each epoch, compute the
gradient Squared: trainA  train B train C

\_/:
N
Task A
o
oo
m/,—?
QN
w)

m 1.0 <1 :
wv
o 1

E | 1
U 1.0 1 i :
X : '
wv | |
© |
= I ,l

0.8 T : -

Frac. correct L
Training time

Kirkpatrick et al. Overcoming catastrophic forgetting in neural networks. PNAS 2017. (f/l NYU
Zenke et al. Continual Learning Through Synaptic Intelligence. ICML 2017. J




Computing Fisher

* At the end of each epoch, compute the

train A train B train C
gradient squ - | | e
j @:: L2
" : ; SGD
= 0.8 4 : |
1.0 -

Task B

; —
* Measures the sensitivity on each o ’iAT
parameter dimension. 10 | '

0.8 4 | Jl

Frac. correct

Task C

Training time

Kirkpatrick et al. Overcoming catastrophic forgetting in neural networks. PNAS 2017. (ffl NYU
Zenke et al. Continual Learning Through Synaptic Intelligence. ICML 2017. J




Computing Fisher P\Ot‘JHdW ’

* At the end of each epoch, compute the
gradient squared: o lainA  tainB  tainC

(P)= ()

—_—

Task A

Task B

* Measures the sensitivity on each
parameter dimension.

o I
* You can also accumulate an online & o i ‘ i
estimate. Frac. correct

Training time

Kirkpatrick et al. Overcoming catastrophic forgetting in neural networks. PNAS 2017. (ffl NYU
Zenke et al. Continual Learning Through Synaptic Intelligence. ICML 2017. J




Variational Continual Learning (VCL)

* Bayesian formulation:

T
p(0 | Drr) x p(8) [ [ p(D: | 0) o p(6 | Drr—1)p(Dr | 6).
t=1

@
Nguyen et al. Variational Continual Learning. ICLR 2018. 1 NYU




Variational Continual Learning (VCL)

* Bayesian formulation:
T
p(0 | Drr) x p(8) [ [ p(D: | 0) o p(6 | Drr—1)p(Dr | 6).
t=1

* Variational approach:

qt<9>:argmmKL( 0) | a1(0 >p<z>t|e>).

q€Q
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Variational Continual Learning (VCL)

* Bayesian formulation:
T
p(0 | Drr) x p(8) [ [ p(D: | 0) o p(6 | Drr—1)p(Dr | 6).
t=1

* Variational approach:

qt<9>:argmmKL( 0) | a1(0 >p<z>t|e>).

q€Q

e Loss:  L£(q(0)) = Egrg,0)|—logp(y|x,0)] + KL(q:(0 || ¢:—1(0))-
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Variational Continual Learning (VCL)

* Bayesian formulation:
T
p(0 | Drr) x p(8) [ [ p(D: | 0) o p(6 | Drr—1)p(Dr | 6).
t=1

* Variational approach:

qt<9>:argmmKL( 0) | a1(0 >p<z>t|e>).

q€Q

e Loss:  L£(q(0)) = Egrg,0)|—logp(y|x,0)] + KL(q:(0 || ¢:—1(0))-
q:(0) = ngl N(Qt,d; He,d; Utz,d)'
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Variational Continual Learning (VCL)

* Bayesian formulation:
T
p(0 | Drr) x p(8) [ [ p(D: | 0) o p(6 | Drr—1)p(Dr | 6).
t=1

* Variational approach:

qt<9>:argmmKL( 0) | a1(0 >p<z>t|e>).

q€Q

e Loss:  L£(q(0)) = Egrg,0)|—logp(y|x,0)] + KL(q:(0 || ¢:—1(0))-
q:(0) = ngl N(Qt,d; He,d; Utz,d)'

* Compare to EWC: Maintains uncertainty throughout training.
A NYU
1




EBM for Continual Learning

* Softmax layer is known to be x} ____________ _ yl x }
sensitive to distribution shift. e | | [eg e Weightmpers ] |
T E Fixed projection £(x) i
1 4------------I G i
(1) g) m(x,y) |
Weight layers | | @ .
o¥e) - Softgax Weighf layers
SBC EBM Energy: Eg(x,y)

Li et al. Energy-Based Models for Continual Learning. ColLLAs 2022.




EBM for Continual Learning

* Softmax layer is known to be x} ____________ _ yl x }
sensitive to dIStrIbutI?n shift. o r— FWeight layers Weight loyers ]
« A common approach is to use [fen || L xecprojection fe
Y O -}-4------------' G i
nearest mean classifier. ? 70) m(y) |
Weight layers | | @ '
j SOImA Weighf layers
SBC EBM Energy: Eg(x,y)

Li et al. Energy-Based Models for Continual Learning. ColLLAs 2022.




EBM for Continual Learning

* Softmax layer is known to be x} ____________ _ yl X }
sensitive to dIStrIbutI?n shift. o — Weightnyers | [ Weight Ty

« A common approach is to use [7Go || L=xecproecton f
. r S g i

nearest mean classifier. @f 70) mGy) |

* Can be generalized to EBMs Weight layers | | @ |

Softmax .
Weight layers
SBC EBM Energy: Eg(x,y)

Li et al. Energy-Based Models for Continual Learning. ColLLAs 2022.




EBM for Continual Learning

* Softmax layer is known to be
sensitive to distribution shift.

* A common approach is to use
nearest mean classifier.

* Can be generalized to EBMs

* Energy between inputs and
labels:

m(x,y) = G(f(x),9(y))

Weight layers

l Softmax

SBC

d

Weight layers /
Fixed projection

Weight layers

f(x)

g)

EBM

Lop(0) = Ex,y,y—)~pn 1Fo(X,y) — Ea(x,y7)].

Li et al. Energy-Based Models for Continual Learning. ColLLAs 2022.

Weighf layers

|

Energy: Eg(x,y)




Plastic Layers (F)

CH]

Frozen Layers (G)

Input () }' 4’
Replay - =~

Memory

Reconstructed

Memory Indices st
s\ [cooonn@\E (O
i} Q@O O A —| e
: : § || @O0@O|(|8 55/ |
* Store raw data, representations, or train a i leoco o|lll|le J|§# |—
generative model
Feedback Connections
Data_ ﬂglﬁge A Main model 2 Cic_ap_e_r_a.t?r ;% H’bpoca
e RN Q =1 L) -===<Mpyg:
” . A ~\OO Soft V4 [
5 NN ] ) PP PP oftmax \
/| A @ ’ . 6 ’ N 0 N ' 1
| s\ ! N\ S AT !
! ey |\ S H v ! L 1 e J
> 4 . ! ] Veao? Nello? I#‘"CO
= a N i s tor
iy — i ' h N )
A= 3 . = ..
_________________ A , S AN
Exact replay New data Generative replay New data = “'Replay
Rebuffi et al. iCaRL: Incremental Classifier and Representation Learning. CVPR 2017.
‘4 NYU

van de Ven et al. Brain-inspired replay for continual learning with artificial neural networks. Nature communications 2020.
Hayes et al. REMIND Your Neural Network to Prevent Catastrophic Forgetting. ECCV 2020.




Frozen Layers (G)

Slat Fetay,
Replay - =l al

Memory Indexiﬁg, Storage and ﬁeconstruction

Memory

Reconstruction

Reconstructed

Memory Indices Samples

R Y=
. . [+ hl@eceol r' |
* Store raw data, representations, or train a it XSISTSHILI B &/t
generative model .
: 1 . 1 —
* Coreset selection p« — > ¢(x) pr 4 argmin|p — =p(x) + 3 o))l
reX rex j=1

Main model Hiop
'f"'c')g\amplls'
o — Softmax z |
¥ K4 N . ! |
{ L&! /e\i| — $r
I 4 . v
i ~——- seae’ | ek e, C
I| o"’ 5 .cl’ze'\”
5 ; ‘—ﬂ—' 5
A3 s,l ’I_o'
' - i i -
i A e e AN
New data Generative replay Newdata = ™ Replay
Rebuffi et al. iCaRL: Incremental Classifier and Representation Learning. CVPR 2017. ) NYU
1

van de Ven et al. Brain-inspired replay for continual learning with artificial neural networks. Nature communications 2020.
Hayes et al. REMIND Your Neural Network to Prevent Catastrophic Forgetting. ECCV 2020.



Knowledge Distillation

* Instead of saving the data
points, we can also save the
previous model checkpoint.

Yo = f(xny 90)-
?)0 — f(xna en)
L(Yos Yo)

* Use new data points and old
weights to “distill”

Li & Hoiem. Learning without Forgetting. ECCV 2016.

(test image) G@ . ’@H—K :

new task
image

ﬁmﬂ%g

-

— (old task 1)

~ (old task m)

0o

Target:

model (a)’s
response for
old tasks

new task
ground truth

A NYU




Architecture Expansion

output, outputs outputs

input

(k) _ (k) 3 (k) (k:3) 3, (4)
hi " =F W7 h 2 + E U
i<k
Rusu et al. Progressive Neural Networks. NIPS 2016 Deep Learning Symposium.

PackNet: Adding Multiple Tasks to a Single Network by Iterative Pruning. CVPR 2018. (?‘ NYU
Yoon et al. Lifelong Learning with Dynamically Expandable Networks. ICLR 2018.




Architecture Expansion

outputs

O

OO
® O

O
O @)
O O

o0
OF 1@

O

O

@)
O
000

Q000
o000 O

© 00O
O 000

OO0 0O

00000
GJOIS @)

Q0000
oX JoI I )
Q0000

Rusu et al. Progressive Neural Networks. NIPS 2016 Deep Learning Symposium.
PackNet: Adding Multiple Tasks to a Single Network by Iterative Pruning. CVPR 2018.
Yoon et al. Lifelong Learning with Dynamically Expandable Networks. ICLR 2018.
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Architecture Expansion

outputs
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o000 O
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Ce 000
O0e00

t

Selec1tive Training
t-

Dynamic Expansion
ynamic =R

input S . ..
elect|\£e Training -
), (5 wW; W,;_,,D
p = (WOR®, ¢ S uen, | | LWL, Wiy, D) + pl Wil
i<k Dynamic Expansion

Rusu et al. Progressive Neural Networks. NIPS 2016 Deep Learning Symposium.
PackNet: Adding Multiple Tasks to a Single Network by Iterative Pruning. CVPR 2018.
Yoon et al. Lifelong Learning with Dynamically Expandable Networks. ICLR 2018.
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Adapting Pretrained Models

* Pretrained models have general knowledge that can be adapted to a
continual stream of tasks.

Rehearsal-based methods: Our method: S Trainabl
Fine-tuning Prompt selection + tuning 5,..a- rainable
Data bufferof — ...
past tasks . A,
Mini- o . Query : = Instruct
batching Task N
TaskN |- 7 Mini-batching 7

Wang et al. Learning to Prompt for Continual Learning. CVPR 2022.




Adapting Pretrained Models

* Pretrained models have general knowledge that can be adapted to a

continual stream of tasks.

* Learn adaptation parameters for each task and store these as “task

embeddings.”

Rehearsal-based methods:
Fine-tuning

Data buffer of
past tasks

lllllllllll

Mini-
batching

Task N lllllllllll

Wang et al. Learning to Prompt for Continual Learning. CVPR 2022.

Our method:

Prompt selection + tuning : _i:Trainable

llllllllllll

Query : = Instruct

------------

Mini-batching




Adapting Pretrained Models

* Pretrained models have general knowledge that can be adapted to a
continual stream of tasks.

* Learn adaptation parameters for each task and store these as “task
embeddings.”

* Main model is frozen.

Rehearsal-based methods: Our method:

Fine-tuning Prompt selection + tuning \,... Irainable

Data buffer of
past tasks

lllllllllll

llllllllllll

Mini- Query : = Instruct

batching f Task N

------------

Task N Mini-batching

Wang et al. Learning to Prompt for Continual Learning. CVPR 2022.




Learning to Prompt

Prompt pool (slot memory)

{(k1,p1), -5 (knspm) }

Prompt pool
(a shared memory space)

Prepend selected prompts ( Pretrained Embedding Layer )

008980 - ¢
[ |

Query function

- -

Matched pair Pretrained Transformer Encoder

\U/Angool

D O ( Classifier )

A key-value pair !
Prediction

Wang et al. Learning to Prompt for Continual Learning. CVPR 2022.




Learning to Prompt

Prompt pool (slot memory)

{(k1,p1), .-, (kar,par)} K, = argming ) ;s 7(q(x), ki)

Prompt pool
(a shared memory space)

Prepend selected prompts ( Pretrained Embedding Layer )

008980 - ¢
[ |

Query function ' J

1

- -

Matched pair Pretrained Transformer Encoder

\”/AngooI

D O ( Classifier )

A key-value pair !
Prediction

Wang et al. Learning to Prompt for Continual Learning. CVPR 2022.




Learning to Prompt

Prompt pool (slot memory)

{(k1,p1), .-, (kar,par)} K, = argming ) ;s 7(q(x), ki)

minp,_rg(b E(g¢(x), y) + A ZiEKS V(Q(x)a kz)

Prompt pool
(a shared memory space)

|
Prepend selected prompts ( Pretrained Embedding Layer )
&l I I i
Query function ’ - " \: [P [P [P 9

Pretrained Transformer Encoder

D O \\V/AngooI
( Classifier )

A key-value pair |
Prediction

Matched pairs

Wang et al. Learning to Prompt for Continual Learning. CVPR 2022.




Learned Prompt Query

* The query function can be end-to-end learned.
a={v(q(x) © Ay, K1), ...,7(q(x) © Apr, Kar )}

image input
¥ 3 \. R

+  Pre-Trained Transformer a > Classifier
T T Tprompts inserted into layers [
Eq. (5) Eq. (5) Eq. (3) “
Query . N ..
. — () Cosine Similarity ———— Matmul ——: optimize
Function query attended component prompt .
query weighting
““v 1 T
. Attention Prompt Keys Prompt Components
Multi-Layer @ @ o :
expansion expansion expansion 3
Smith et al. CODA-Prompt: COntinual Decomposed Attention-based Prompting for Rehearsal-Free Continual Learning. (?l NYU

CVPR 2023.



Multimodal Semantic Prompts

-

ViT Backbone with Adapter

Task ¢ Images
Pre-Trained
‘ Embeddmg Layer S Transformer Transformer Transformer

1 Lee

Layer Ly Layer L; Layer L, Classifier ¢

Image Tokens

i ViT Backbone

A photo of panda

or pizzeria or Query-Key (—&]
koala ... cobra. Matching

A

i ci)

BERT R Key|:

: MLP
Bxey):| [ #] (8] P
A photo of Panda.

Adapter /
[% Key] ; [ %] [ %] Pl D A photo of Pizzeria.
Prompt Pool & ‘ A photo.(;.f' Cobra.

‘; Trainable ¥ Frozen D Class Token C] Language Prompt D Visual Prompt

[C]?D-D ®
§“=

Py

MHSA

[N %

= (mEEE]
aN

COo-0.
&
| (el

ANYU

Yin et al. Adapter-Enhanced Semantic Prompting for Continual Learning. arXiv 2024.
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Continual Learning and Memory

* Fragility of feedforward gradient descent of the entire networks

* If we have representations ready, continual learning is just
memorizing a sequence of new tasks.

* In prompting approaches:
* prompt pool = memory
* pretrained network = representations

* But what if representations also need to be built sequentially?
* It’s also plausible that representations are just “deeper memory.”




Assoclative Memory

* Memory aims to store content for easy retrieval




Assoclative Memory

* Memory aims to store content for easy retrieval

* Associative memories (Hopfield Networks) can be viewed as energy-based
models
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Assoclative Memory

* Memory aims to store content for easy retrieval
* Associative memories (Hopfield Networks) can be viewed as energy-based

model 1 - K ke ke ”Superposition” of k slots
E= ) Z siWi;js;, Wij = E fz fj- Hebbian learning
L=l k=1
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Assoclative Memory

* Memory aims to store content for easy retrieval
* Associative memories (Hopfield Networks) can be viewed as energy-based

model 1 - K ke ke ”Superposition” of k slots
E= ) Z siWi;js;, Wij = E fz fj- Hebbian learning
L=l k=1

* When presented with a new pattern the network should respond with a
stored memory which most closely resembles the input.

e Retrieval: S; = sign(zj Wz’jsj) Storage: (' = #&d) = (0.14d.




Memory Duality

. | v | Car |
* Duality with a feedforward - g | T
network. : T

) | B S
_ ; V;

E=—-) F(.&s)

Salakhutdinov & Hinton. Deep Boltzmann Machines. AISTATS 2009. (?/l NYU

Krotov. Hierarchical Associative Memory. arXiv 2021.



Memory Duality
R

* Duality with a feedforward L | T
network. u K ' -

E=—3,F( & si) K

* Non-linearity allows us to store
more patterns.

Salakhutdinov & Hinton. Deep Boltzmann Machines. AISTATS 2009. (?/l NYU
Krotov. Hierarchical Associative Memory. arXiv 2021.




Memory Duality

* Duality with a feedforward
network.

b= _ZkF(ZzngZ)

* Non-linearity allows us to store
more patterns.

* Deep Boltzmann machines

Salakhutdinov & Hinton. Deep Boltzmann Machines. AISTATS 20089.
Krotov. Hierarchical Associative Memory. arXiv 2021.
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Deep Boltzmann
Machine

ANYU




Memory Duality

* Duality with a feedforward
network.

b= _ZkF(ZzngZ)

* Non-linearity allows us to store
more patterns.

* Deep Boltzmann machines
* Hierarchical associative memory

Salakhutdinov & Hinton. Deep Boltzmann Machines. AISTATS 20089.
Krotov. Hierarchical Associative Memory. arXiv 2021.

E

Deep Boltzmann
Machine




Relation to Transformers

* General form:

b= —ZF(ZS%J
k i

Ramsauer et al. Hopfield Networks is All You Need. ICLR 2021.



Relation to Transformers .<'\

e General form:
E=-S"F(} ¢s). >
k i

* When F(z) = 22 it gives the classic HN. ®
Vsz.E = — Z Wiij

J
S; < Sign(zj Wiij)

Ramsauer et al. Hopfield Networks is All You Need. ICLR 2021.



Relation to Transformers .<'\

* General form:

* When F(z) = z* it gives the classic HN.

b= —ZF(Z@?SJ
k i

* Transformer-like attention operation:

Ramsau

Z + softmax(BXW,W,' Y " Y;W,.

er et al. Hopfield Networks is All You Need. ICLR 2021.

o

o
Vsz.E = — Z Wiij

J
S; < Sign(zj Wiij)




Relation to Transformers .<'\

* General form:

E=-YF(} ¢s). >
k 1

* When F(z) = 22 it gives the classic HN. ®
* Transformer-like attention operation: Ve, B =— Z Wi;s;
Z <+ softmax(BXW,W,'Y Y, W,. 5 Sign(ij Wis,)

S « softmax(SSE " )E.

Ramsauer et al. Hopfield Networks is All You Need. ICLR 2021.



Relation to Transformers .<'\

* General form:

E=-YF(} ¢s). >
k 1

* When F(z) = 22 it gives the classic HN. ®
* Transformer-like attention operation: Ve, B =— Z Wi;s;
Z <+ softmax(BXW,W,'Y Y, W,. 5 Sign(ij Wis,)

S « softmax(SSE " )E.

1 1
E = —logsumexp(, ETS) -+ isTs + B8 log N + §M2.

Ramsauer et al. Hopfield Networks is All You Need. ICLR 2021.



Continual Self-Supervised Learning

* Learning from a stream of unlabeled inputs.

Uy: (%:yj,l)

R o, |
\%/ ! 1
D,:(,yklr) —>: I I I I :—>
s NS s ) ) \%/,
_)ykr

SUPERVISED CONTINUAL LEARNING (SCL)

Madaan et al. Representational Continuity for Unsupervised Continual Learning. ICLR 2022.
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===’ features

UNSUPERVISED CONTINUAL LEARNING (UCL)
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Continual Self-Supervised Learning

* Learning from a stream of unlabeled inputs.

* Bring SSL to the dynamic world.

Uy: (%:yj,l)

w
DT:( 5 iyk,r)

SUPERVISED CONTINUAL LEARNING (SCL)

Madaan et al. Representational Continuity for Unsupervised Continual Learning. ICLR 2022.
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View2 | 1 &y s
===’ features

UNSUPERVISED CONTINUAL LEARNING (UCL)
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Continual Self-Supervised Learning

* Learning from a stream of unlabeled inputs.
* Bring SSL to the dynamic world.
* SSL can still suffer from distributional shifts.

___________ Uy) L d(:’ ‘
& Views ¢ B
Us:((x),Yja) hy, %_} Y Uu, % ->I S
e . . DN e | I
: ( 1 . a2 | ' 4 W !
Y, I r"—] I ,-l—] I I

DE: —>1 —> u

T ( 5 iyk,r) I | T é ______

I I
N l (Qaf)
(et et Y w " {29 1 e 1 X E / Revisit
D yk,‘t View?2 | | { . generic

____________ === features

SUPERVISED CONTINUAL LEARNING (SCL) UNSUPERVISED CONTINUAL LEARNING (UCL)

_ o . _ _ ‘A NYU
Madaan et al. Representational Continuity for Unsupervised Continual Learning. ICLR 2022. 1




Continual Self-Supervised Learning

* Integrating learning objectives of both past and present.

Current Past (Distillation) Past (Replay) Cross-Consolidation
L(X;g0fi)+L(X,X;hofi_1,hofi))+ LY ;hof)+ L(X,Y;hof;)
Data Model Feature Spaces Losses Conceptual Loss Space

g* ° f* Epast

Oz ~7Dy f@

y~M
- Ecurrent
/7
) fe
Az ~ Dt _ 7 Lcross
<—> Push h* o f *
—o Pull

Zhang et al. Integrating Present and Past in Unsupervised Continual Learning. CoLLAs 2024.
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160M LLM 1B LLM

A0

 Understand continual learning at Yo m o s I

Training Episode

h3
scale . R‘f T~
| h2
5 i A
h1
. ®f &~
Zhi data \

Newdata ~  “'Replay [Hinton et al. 1995]

w

Outlooks

Loss on Task 1
’T' N

o

* Unified learning architecture,
objective and replay, role of sleep

[Mayo et al. 2023]
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Outlooks 3

* Understand continual learning at
scale

* Unified learning architecture,
objective and replay, role of sleep

* Continual learning with real world
structure

160M LLM 1B LLM

A0

0 25 50 75 100
Training Episode

L
3 A
Rt lw

)y

[Hinton et al. 1995]
Typical setting in continual, few-shot, transfer, and meta-learning

- > ame

task 1 task task 3

w

sk 1
N

-

Loss on Task 1
=

o

0 25 50 75 100
Training Episode

Newdata ~  “ Replay

Typical setting of human learning [Mayo et al. 2023]
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Summary: Continual Learning

* Regularization, Distillation, Architecture Expansion/Isolation
* Frozen representation: prompt learning

* Integration of memory and representations

* Combination with self-supervised learning

* Exploration of multimodal continual learning from embodied
environments




