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Imitation Learning

I The explicit policy model, supervised learning (bealvasioning)

@:f!(x) L=min;'g " é!% = | |qu
— X/




Imitation Learning

| The explicit policy model, supervised learning (betasibning)
@:fl(x) L=min;!'a " a'% L = | Iogq

C—
-

| Energy-based (cost-based) approach

argmin . E(x, )|

_ exp(E(x,!))
p(@l X) = |! exp(E (x,!))




Imitation Learning

I The explicit policy model, supervised learning (bealvasioning)

a=f,(x) L=min;!'a " &3 L =1 log&

| Energy-based (cost-based) approach | mitalize D « 0.

Initialize 7, to any policy in II.

1Y =argmin. E(X,!) for i = 1to N do
Letm; = ﬂi’ﬂ'* + (]. — ﬂz)’fl’z
p(' | X) = | exp( E (X’ ! )) Sample T'-step trajectories using ;.
| eXp( E (X, ! )) Get dataset D; = {(s,7*(s))} of visited states by ;

. and actions given by expert.
| Dataset Aggregation (DAgger) Aggregate dutusets. D ¢ DD

Train classifier ;41 on D.

| Learned policy may deviate from expers | cudfor

I Need to collect more groundtruths Return best #; on validation.
Algorithm 3.1: DAGGER Algorithm.

ANYU




Direct Policy Learning from Diffusion

I Error prediction network Is Gradient Field
conditioned on observation features. Q
: | (A{< ! "@Ot,Af, kK)+ N (0,$°1)). Diffusion Policy
— e — VLE(a) ----- :
L = MSE (!%,!, (O, A + 1K, K)). R G
| €0(0,a)1
Input: Image Observation Sequence é -----

"#$%&S' () S #t++,-#./$0.(#123B4#-,.5.&.6$0. (HIRHRYSOL&H ./ S*H#++,-#./)$;,<<$=>=7



Learning Cost

I Typically, we have some rough ideas on what the costldhook like
I E.g. Avoid obstacle with squared distance barrier.
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Learning Cost

I Typically, we have some rough ideas on what the costldhook like
I E.g. Avoid obstacle with squared distance barrier.

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

I Can be learned from human demonstrations (alscedalRL
b optiral t(r@‘ Lot (oSt )




Max-Margin Planning with Explicit Cost Volume

I If we have an explicit cost volume, the cost ofsgetctory can be
directly queried.

@%/8%%&$'()$A/BC&.C%/BSD/I&YEE6%E&'F (WS EHEENSDB#19)



I If we have an explicit cost volume, the cost ofageictory can© "
directly queried. C

I We can use the max-margin objective to make theugiiruth
trajectory have lower costs.

famction leame{le povarcte,

argmin max | | C/ %, 9]+ df
| | Y '
{(&|t ’xlblit)}i=1 ..N S

@%/8%%&$'()$A/BC&.C%/BSD/I&YEE6%E&'F (WS EHEENSDB#19)




Max-Margin Planning with Explicit Cost Volume

I If we have an explicit cost volume, the cost ofageictory can be
directly queried.

I We can use the max-margin objective to make theugiiruth
trajectory have lower costs.

I Find the lowest cost trajectory among a batch ofrgaes.

G e B

argmin max  Cl[xt, Y] Ct[m.,m] ﬂ&;f
I I o '

{(ﬁit’fbf)}i:l ..N t=1
((/ NYU




Max-Margin Planning with Explicit Cost Volume

I If we have an explicit cost volume, the cost ofageictory can be
directly queried.

I We can use the max-margin objective to make theugiiruth (
trajectory have lower costs. 0,

I Find the lowest cost trajectory among a batch ofrgaes.
I Low-dimensional/known dynamics problems: Exteraai@ers

S E t1 QW Y
. f‘i’iﬂc X e i y]@ctw%
I ty Yt l i 1
?\/t =1 =t

F T ”
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Max-Margin Planning with Explicit Cost Volume

I If we have an explicit cost volume, the cost ofageictory can be
directly queried.

I We can use the max-margin objective to make theugiiruth
trajectory have lower costs.

I Find the lowest cost trajectory among a batch ofrgaes.

ARE

I Low-dimensional/known dynamics problems: Exteraai@er |
I In general, needs to perform optimization (e.g. DP)
! T

!
argmin Cilxe,yt]! Ci[%;, 1+ di
{EL)} i t=1
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EBM Planning

I Energy-based framework also needs negative samples.

K(.6%/1%$%&S$' () SD5E (#1#&SLY%"O#.6'($!(HB)$!.; 7$=



EBM Planning

I Energy-based framework also needs negative samples.
I OPickO the groundtruth sample among others.
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| If there isnOt an external sampler, we can eithemusoregressive
energy of sampling one dimension at a time, or geattbased
Langevin MCMC.




EBM Planning

I Energy-based framework also needs negative samples.
I OPickO the groundtruth sample among others.

| If there isnOt an external sampler, we can eithemusoregressive
energy of sampling one dimension at a time, or geattbased
Langevin MCMC.

Langevin MCMC:y-ik = y-lkl L .%" yE!(xi,yik! 1)+ "k mK# N(0,#).




Langevin MCMC.

oq\«h‘mf%c&:““
(&5

k! 1] I.— yE|(X|’

Langevin MCMC: y-:( =Y 5

h +@J

Loss: L = .1 log(p: (Vi | X,{¥i}j) p.|x {yi}; =

—

K(.6%/1%$%&S$' () SD5E (#1#&SLY%"O#.6'($!(HB)$!.; 7$=



Non-Parametricf:ost Volume for 2D Planning

CLxy t]

I Interpretability (both costs and planner inputs)

prersiree .

Rasterization

1.5s

2.08

Semantic Occupancy

\ .

\ .

A
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Non-Parametric Cost Volume for 2D Planning

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

B tr o Sfor pa ot (om %{L Colt U”//‘M
S

UWivaw e @
Rasterization Semantic Occupancy

1.5s 20s l \.
| &
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Non-Parametric Cost Volume for 2D Planning

I Interpretability (both costs and planner inputs)
I Use spatial geometry to form cost from explicit ebjs »” oy -
0

. . L
I Predict spatial cost volume vl =
| Rasterize the scene fof spatial inputs - = E‘I 0

I Predict soft occupancy volumes (present and future)

Rasterization Semantic Occupancy
10s 1 l \ -
[ W

A

\ A NYU




Learning Through Interpretable Predictions

e, e R
I Semantic occupancy, motion field, IR e

mapping, etc. as intermediate prediction: -
=

Drivable area Intersections

Reachable Distance Transform Reachable Angle
| e i s | i
Inputs Scene Representations Motion Planning b n
Voxelized LiDAR Backbone Retrieval-based Occupancy Temporal Motion Field
Network / Wy Trajectory sampler
2 >
: L M Perception & ) T~ f — é
12 Prediction PYnamic state g (B . LB
High-level Goal Routing 3
- 3
" " = e I @)
KEEP STRATGHT \_// W

1" $%6&$ () SHO?3$: SM/#-+#%6BSH. BY6($&. $H EHGO%BLIGHMBIK0('/)$!140:$=>=1)

Motion

if:=1




Learning Through Interpretable Predictions

e,
I Semantic occupancy, motion field, IR e

mapping, etc. as intermediate prediction: g Interscctions

| Differentiable, supports end-to-end -_ —

Interpretable learning from perception tO reachabie Distance Transform ~ Reachable Angle
planning. i

y__= 7 -~ : o - / —

Inputs Scene Representations Motion Planning 3
e Backbone ~ Mapping  Online mop Retrieval-based Occupancy Temporal Motion Field
Yy ﬂ{\ Trajectory sampler
. ///” |ﬁ n N Costing t=0 t=1 t=2
- | = BN >
: L L Perception & ) \/) f — 2
1z SalEiem Dynamic state g . Flow — . Flow —
High-level Goal Routing 3
f g - O
" " f= - I O
KEEP STRATGAT \,/ W
C
9
I'-'-$%&%$'()$HO0?3$: $M/#+#%BSH. BY% ($&. $H'E HS6YBEYRBIBRO('/)$!40;$=>=I) §




| Value lteration Networks
eypl'cit optismigation v terarive ethork prapegatis,
I A network design for predicting cost volumes thaearounded from
the classic value iteration algorithm.

O'5'6$%83$'()$4'(,%$D&Y66'&#./$G%&P.6Q-)$CP6,6D0<$=>IR



Value Iteration Networks

I A network design for predicting cost volumes thaearounded from
the classic value iteration algorithm.

I Classic VI altorithm:




Value Iteration Networks

I A network design for predicting cost volumes thaearounded from
the classic value iteration algorithm.

I Classic VI altorithm:

@ max, V' (S)
: L

) pplime| Po({c7 |

O'5'6$%8&%'()$4'(,%$D&Y66'&H./$G%E&P.6Q-)$CGP6,6D0<$=>IR



Value Iteration Networks

I A network design for predicting cost volumes thaearounded from
the classic valeorithm.

| Classic VI altorithm: > Negocthe Lot
U

S)— i ! r(St,at

O'5'6$%&$'()$4'(,%$D&Y66'&#./$G%E&P.6Q-)$CGPb,6D0<$=>IR (?’ NYU




Value Iteration Networks

I A network design for predicting cost volumes thaearounded from
the classic value iteration algorithm.

I Classic VI altorithm:
V'(s)=max, V' (S)

V!(S): E '!(:O !tr(St,at) /
— - | N Bellrer equidtvoun
Qn(s:2) @+ | P(S'fs, @)V (s) “

O'5'6$%8&%'()$4'(,%$D&Y66'&H./$G%E&P.6Q-)$CGP6,6D0<$=>IR



Value Iteration Networks

I A network design for predicting cost volumes thaearounded from
the classic value iteration algorithm.

I Classic VI altorithm:
V'(s)=max: V' (s)
Vi(s)= B ,!'r(st, &)
Qn(s.a)= R(s,a)+ ! ¢ P(s'[s,a)Vi(s)

: Max 4 Qn (s, a)




Value Iteration Networks

I A network design for predicting cost volumes thaearounded from
the classic value iteration algorithm.

I Classic VI altorithm:
V'(s)=max: V' (s)

Vi(s)= B ,!'r(st, &)
Qn(s.@) = R(s,a)+ ! 4 P(s]s,aVn(s)
Vh+1 (S) = max 4 Qn (s, a)

= argmax a{Q-- (s, a)

A NYU




{
.——/J

I Reward and prev' us value are fed

channels. Transition matrix |
G REAY

j Value lteration Networks
T bemnel .

VI Module

Value Iteration Network
ol o Module " Prev. Vaiue | L
@ —> — >/ Reward Q —
el 57 Imop M| YL Y
P g | o |
Observation | [0 | | Et‘%x ............................. 0
gb(s) >| Attention \
.................... l( | \
¢(3)__,I ReactivePolicy || | t--------- €
Tre(alp(s),v(s)) K recurrence
! (]
0'5'65%&%'()$4'(,2%5D&%6'&#./$G%E&P.6Q-)$GP6,6D0<$=>IR CQ ﬂ“ /D llrf\/\e T

keriiblen Max-Pooling.
Vh+1 (S) = Max 4)Qn (S, a)

NYU



Value Iteration Networks

| Select the current state and choose an action freaftmax.

(8) softmaxa(Q(s, @)

Value Iteration Network VI Module
ol o Module " Prev. Value | L
b R |Planon . ! ' New Value
I — >V ¥ Reward Q -
Ir . p:. |MDP M A ) b N L N Q v
N PR e
Observation g H P F B i R e O
¢(3) >| Attention A I
.................... — . |
¢(3>—->| ReactivePolicy || | t--------- R ————
Tre(alp(s),7(s)) K recurrence

O'5'6$%8&%'()$4'(,%$D&Y66'&H#./$G%&P.6Q-)$CG%,6D0<$=>IR



Backprop through Planning

I Treat planning as an end-to-end layer. Can be taedL/Imitation.

Backprop

States I:> Policy a Actions |:> Loss
I—I—I
|:> Learnable MPC Module |:>

Submodules: Cost and Dynamics




Backprop through Planning

I Treat planning as an end-to-end layer. Can be taedL/Imitation.
I Option 1: Unrolling a finite number of steps 0, Wl ) Q, jﬁq

S -
- *@
- Backprop (/ Qr —qﬁ//
States I:> Policy I:> Actions |:> Loss Dl |

|:> Learnable MPC Module |:>

Submodules: Cost and Dynamics

'5.-$%8&$' () $*#++%66%/&# F(%S$HO!$+.6$A/BC IS L H)$G Y%, 6D0<$=>IS)



Backprop through Planning

I Treat planning as an end-to-end layer. Can be taedL/Imitation.
I Option 1: Unrolling a finite number of steps

I Option 2: Solve till convergence, backprop fonaefistep
0 oPr a;e T stess &% I
?“\N . s> v &t o-ppreX
| — O gk =

A\/Bﬁkprop
ef

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

|:> Learnable MPC Module |:>

Submodules: Cost and Dynamics

'5.-$%8&$' () $*#++%66%/&# F(%S$HO!$+.6$A/BC IS L H)$G Y%, 6D0<$=>IS)



Backprop through Planning

I Treat planning as an end-to-end layer. Can be taedL/Imitation.
I Option 1: Unrolling a finite number of steps

I Option 2: Solve till convergence, backprop fondaeistep

I Option 3: Converged at fixed point: Implicit difatiation

Backprop
(_f
States I:> Policy I:> Actions |:> Loss

|:> Learnable MPC Module |:>

Submodules: Cost and Dynamics




Implicit Differentiation X

| Unconstrained case . @ T optmizerg
X' =argmin f (x;!). = [earneblo FOc)! f )" 17

) Cost oL
x|

TH# . $%&S$'()$;%09#9#/8%' /BSDSE6.9#/8%;%1, 6 660RBRAQSD ! H7$=>1S)



Implicit Differentiation X

I Unconstrained case Xo —* Optimizer » X
x' =argmin f (x;!). (OOt 10 ) 17
X
d

0= —Jf,X!(X!;!)

TH# . $%&S$'()$;%09#9#/8%' /BSDSE6.9#/8%;%1, 6 660RBRAQSD ! H7$=>1S)



Implicit Differentiation X

I Unconstrained case Xo — Optimizer » X

X' =argmin f (x;!). & Flx) ! flxw o)™ b7
g

d . N #

0= —=Js x: (X' ;1)

O@’ X! \Jj
0= @]f,x!(x I)—+ —fo (X 1) '

‘4 NYU
TH# . $%&S$'()$;%09#9#/8%' /BSDSE6.9#/8%;%1, 6 660RBRAQSD ! H7$=>1S) 1




Implicit Differentiation X

I Unconstrained case Xo —* Optimizer - X
x' =argmin f (x;!). (OOt 10 ) 17
X
d

O:/!;(;Jf‘,x%x ')—"‘I—fo(x 1)

0= Hy x: (X'; ')—+ —fo (x';

« ‘4 NYU
TH# . $%&S$'()$;%09#9#/8%' /BSDSE6.9#/8%;%1, 6 660RBRAQSD ! H7$=>1S) 1




Implicit Differentiation X

I Unconstrained case X0 — Optimizer - X
X' =argmin f (x;!). Pl T 2™ 12
X
d

0= d—!Jf,X!(x!;!)

! | l x! ! |
0= ™M Jf,x!(X';!)T+ ﬁJf’X!(X';!)

, | X' | .
0= Hf,x!(X';!)ﬁ*' W\]f,x!(x';!)
|

Hix: (X'51) 1ﬁ£/(x! 1),

T#' .$%8&$ ()$;%09#9#/8$'/BSD5E6.9#/8%;%1, 6 660ERSRAQSD!H7$=>IS)




Implicit Differentiation

I How to compute Hessian inverse
vector product?

TH# $%E&S$ ()$:%69#9#/8$ /BSDSE6.9#/8$;%1, 668 RS EQSDIH7$=>1S)



Implicit Differentiation

Conjugate Gradient Method
rg = b — AX()

! H ow to com pUte H eSSIan Inve Ise if ry is sufficiently small, then return x; as the result
vector product? Po i= 10

I Conjugate gradient, solvAXx = b repeat
) T )Hl/ )

J
o= :krk /_yj
X :@ Xk+1 25;?%1’1; /

Ikl =T — O APy

Hglg if ry. ;1 is sufficiently small, then exit loop
_ rzﬂ Tk+1
J/ Br = —=
I‘k I
[‘HU- @: ret1 + BkPy
=k+1
end repeat

return X5 ; as the result

T#' .$%8&$'()$;%09#9#/8$'/B$SD5E6.9#/8%;%1, 6 660ERBRAQSD!H7$=>IS)




Implicit Differentiation

I How to compute Hessian inverse
vector product?

I Conjugate gradient, solvAX = b

I Neumann series (finite_truncation)
(1! A t=| i%:o Ak,

| Same as backprop the last K steps

(Option 2).

l Memory savings.

TH# $%E&S$ ()$:%69#9#/8$ /BSDSE6.9#/8$;%1, 668 RS EQSDIH7$=>1S)

Conjugate Gradient Method
rg :\= b — AXO
if r is sufficiently small, then return x( as the result

Py ‘= To
k=0
repeat
I'z_- rre
X =
PZ Ap;

Xk+1 = Xg T O Py
Tl =Ty — apApy,

if ry. ;1 is sufficiently small, then exit loop

=
Trr1Th+1

T
I‘k ) 3

Pri1 = Tk+1 + BiPy
k:=k+1
end repeat

Br =

return X5 ; as the result




Differentiable LOQR potr dradt
/ Ob Lot
T
I Now add linear equality T aramin }u Cl,+ ¢! \
constraints on the dynamics o L2 ! > l(“ﬁfymn«'ﬁ
and |n|t|aI|z§t|on. subject 0 Xl = Fily & FeoXy = Xin .
et = {Xe, Uthar L “\
51*‘“\%@ \C,Dm('w‘ , )

/@mft%é(@ ‘ [W"‘JQ/,

/
:5.-3%&$' () $*#++%6%/&#'F(%$HO!$+.6$A/B C&/EIHER 0K B)$C%,6D0<$=>|S) (?l N Y U




Differentiable LOQR

.
| Now add linear equality argmin! Lico+dy,
constraints on the dynamics LT o
and initialization.
ler = {Xe, Utha
" 1$

. "
Il Chainruleiiz = g7 1

1: T

SUbjeCt to Xi+1 = Fl + ft,Xl = Xijnit -

'5.-$%8&$' () $*#++%66%/&# F(%S$HO!$+.6$A/BC IS L H)$G Y%, 6D0<$=>IS)



Differentiable LOQR

. . T
| Now add linear equality argmin L SR I
constraints on the dynamics rr = 2
and initialization.

L7 = {Xt, Ut}

- O U R General OP:
' Chain rulesg = -~ xe!ne—raacig.min =X QX + C X
2

subject to Ax = h.

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

'5.-$%8&$' () $*#++%66%/&# F(%S$HO!$+.6$A/BC IS L H)$G Y%, 6D0<$=>IS)



Differentiable LOQR

. . T
| Now add linear equality argmin L SR I
constraints on the dynamics rr = 2
and |n||t|aI|z§t|on. subiect to Tya1 = Fory & f1. 21 = Tover
Lt = {Xt, Udd ot
. o 18 .
| Chainruleigy = gr—— . Gene ,. ..
S X' =argmin =x QX + c X
| KKT: gmin ox Q

subjectto Ax = h.




Differentiable LOQR

I Now add linear equality

constraints on the dynamics

and initialization.

@: {Xt, Ut}

!$ i:T

| Chain rule:z = 51

I KKT: .
Q A X
A 0 I

'5.-$%8&$' () $*#++%66%/&# F(%S$HO!$+.6$A/BC SIS OLEH)$G Y%, 6D0<$=>IS)

|4

V.

T
1
argmin Z §Tt—|—0t7't + ctT Tt

Tl:T t:].

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

G | QP:
xe!ne;aacigmin 1 Qm

subject to Ax = b.

In classic LQR solver, the Riccati recursion stiles
linear system.

ANYU




Differentiable LOQR

R

’ ! * da* v
I Apply differentiation di, Koo =j—!v- %R*FK[E%FE—H

'5.-$%8&$' () $*#++%66%/&# F(%S$HO!$+.6$A/BC IS L H)$G Y%, 6D0<$=>IS)



Differentiable LOQR

i it d  x'"7_dv  dK x! o dv
| Apply differentiation 4 K & =g g . K @ o= o
' ' ' dl :
K.S?%:K :q)ll(c; :dfq }.);?: }.).(A; :'!I 0 ! x !!:
dr dc db do dA 0 | 0 I X

:5.-3%&$'()$*#++%6%/&#' F(%$HO!$+.6SA/B CEEIHERROYB#)$G%,6D0<$=>1S)




Differentiable LOQR

d  x' 7 _dv dK "x' Td o dy
IApply differentiation 5 K .+ =5 g w0 tK o= oF
) ) d! :
CE L S %L o
d_ dc db dQ dA U 0 I'x
"% S oo o T
Ko d% i = Kd = X'
'Z" S T 0 0

A NYU
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Differentiable LOQR

d  x'"'7 _ dv dK ~x! T dv
| Apply differentiation g~ K . =G G K & =G
K ddL:K.dO)I(C ddxb %)2;) %)x*:"l o I'x' 11

T & 4 4 4 o1 o0 !«x
d! dc db dQ dA
" Tdx’ dx’ N

| #° !
X dc db

I Equivalent QP:
| 1. "
d = argznln Ed Qd + T d.

subjectto Ad = 0.
‘A NYU

:5.-$%8&$'()$*#++%06%/&H# F(%SHO!$+.6SA/B CYEIHERE 0 64)$G%,6D0<$=>IS)



Differentiable LOQR

d x'"7  dv dK " x' Sdx dv
| Apply differentiation g~ K . =G G K & =G
K ddL:K.do)l(c ddxb %)2;) O(|;|XA|*::!I o !'x' 11

o o 9 -4 0O I 0 1I¥x

d! dc db dQ dA

" ddL ddLh o o
K= 4% 4 = § Kd = ~ Ix

'zt T db 0 0

I Equivalent QP:

| 1. I 1 . ! ! !
@: argznln §d Qd + T d, % Q(dx! X'+ x 1 dy)

subject to Ad = 0. :di X1t
A NYU

'5.-$%8&$' () $*#++%66%/&# F(%S$HO!$+.6$A/BC IS L H)$G Y%, 6D0<$=>IS)




Differentiable LOQR

I The backward pass can also be formulated as a LQRepro
I Swap! to",'# and$ to %

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

Input: Initial state Tinit
Parameters: 0 = {C,c, F, f}

Forward Pass:
1: mip = 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 xinis with (8)

ANYU
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Differentiable MPC

I What about general MPC? //)
|7

argmin Ci(X¢, Up)
Xpr! Xupr!t U4

/&me{& Gs

subject to Xt+1 = f (X, Ut), X1 = Xinit -

—_—

'5.-$%8&$' () $*#++%66%/&# F(%S$HO!$+.6$A/BC IS L H)$G Y%, 6D0<$=>IS)



Differentiable MPC

I What about general MPC?

|7

argmin Ci(X¢, Up)
Xpr! Xupr!t U4

subject to Xt+1 = f (X, Ut), X1 = Xinit -
I ' Use Taylor expansion to approxmate
= Cr (1) + pt (el T+ 30 1Y R ).
@

—
—_—

ANYU
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Differentiable MPC

[ /EO - Toﬂ
I What about general MPC? ; @ﬁ
al 7,
argmin Ci (Xt, Ut) —

Xpr! Xupr!t U4 @\—bt i

subject to Xt+1 = f (X, Ut), X1 = Xinit -
I Use Taylor expansion to approximate.
Cle=Coelt)+ Pl (e 1D+ 30t 1) HIC! 1)),
I Fixed point iteratio
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Differentiable MPC *

| What about general MPC? >,
g !T /

argmin Ci(X¢, Up)
Xxpr! Xunr!t U,y

subject to Xt+1 = f (X, Ut), X1 = Xinit -
I Use Taylor expansion to approximate.
Cle=Coelt)+ Pl (e 1D+ 30t 1) HIC! 1)),
I Fixed point iteration
11+1 = argmin, = | Ci(1}).
| Backward only depends on final quadratic approxiorat
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Behavioral vs. Trajectory Planning

I Gradient-based optimization provides a locally oyzed trajectory.

SPEED
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Behavioral vs. Trajectory Planning

I Gradient-based optimization provides a locally oyzed trajectory.
I Samples may be needed for reasoning global struetur
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Behavioral vs. Trajectory Planning

I Gradient-based optimization provides a locally oyzed trajectory.

I Samples may be needed for reasoning global struetur SPEED
I Can learn together using the same learned costs. l §M6
Obstacle Driving Path Lane Headway
A / 0 A 1 1
e Rl e - R IREEHIROR BT
ccccccc w B somecr [ soostiovstoon | || ooy mngs M optemastons r N 0 b
Behavioral Trajectory é [ ] ] ]
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Planning with Social Reasoning

I Jointly reason the future trajectories of multipdgents as an energy-
based graphical model. O(St,....Sn | X)= Lexp(l Ei(sy,...,sn) | X)

Multi-actor
Interaction

Multi-modal

€ @ Prediction P

@p
=

(-Vp 005\

)

Trajectory [
Sampler
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Planning with Social Reasoning

I Jointly reason the future trajectories of multipdgents as an energy-
based graphical model. p(S1,...,sn | X) = fexp(!@si,...,sﬁ_) | X)

I . - . o
| Trajectory Goodness + Collision. Ei(si | X)+ i E(sivg)

= Bif s collidess;

Multi-modal Multi-actor

€ @ Prediction P

= Interaction
)
-
. S PP B
! (-> p 0.05 ~_ \ :'Message

Trajectory [
Sampler
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Planning with Social Reasoning

I Jointly reason the future trajectories of multipdgents as an energy-
based graphical model. O(St,....,Sn | X)= Lexp(l Ei(sq,...,sn) | X)

I Trajectory Goodness + Collision.

_ CEn(si [ X))+ e E(sivs))
| Batch of trajectory samples.

E(si,s)="! If s collidess;

Multi-modal

€ @ Prediction = v

Multi-actor
Interaction

@p
=

___________________________________________

./-> p 0.05 ~ 3 : Message

.

Trajectory [
Sampler
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Planning with Social Reasoning

I Jointly reason the future trajectories of multipdgents as an energy-
based graphical model. O(St,....Sn | X)= Lexp(l Ei(sy,...,sn) | X)

I Trajectory Goodness + Collision.
| Batch of trajectory samples.
I Classification of groundtruth trajectory

Ei(si [ X))+ E(siys)

E(si.s)="! If s collidess;

Multi-actor
Interaction

Multi-modal

B DB Prediction
ﬁ @

@p

-——
B
{ ]
R oy
>
| i
1
1
1

Trajectory e
Sampler
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Summary: End-to-End Planning and Control

I Direct Policy Prediction

I Condition perception features into the model
I Use of diffusion models
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I Direct Policy Prediction
I Condition perception features into the model
I Use of diffusion models

I Cost Learning (IRL) from Experts
I Max-margin, max-entropy/EBM
| Need negative samples
I Can be combined with efficient external samplers
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Summary: End-to-End Planning and Control

I Direct Policy Prediction
I Condition perception features into the model
I Use of diffusion models

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

I Differentiable Planner
I Backprop through local optimization, learnable cost
I Can be memory efficient, implicit differentiation
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Module 5:
Continual Learning




Why Continual Learning?

I The world is not a dataset that allows you to get kihples.
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Why Continual Learning?

I The world is not a dataset that allows you to get kihples.
I The world keeps changing and evolving.

I Online vs. Continual

I Online means that samples arrive in a streaming / temporaligborder, but
they may still come from a static distribution.

= f (X, 1) Xer! X
! Example: Online reinforcement learning, trajectoryt cut is online, but the
environment is the same.
I Continual learning means that there will be distributisiift.

Yokl Om(i/k@® Condinvel
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What is Continual Learning?

| Distribution shift: Forgetting retfaln OX é”h}
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What is Continual Learning?

I Distribution shift: Forgetting
I Learning on A and then B, results in worse performancA.on

I Multi-task learning: Forward transfer

I Learning Task A + B results in better learning in Tasknpaed to learning
C alone. -

I Leverage the similarity between tasks.
I Compositionality
I Learning A and B first, and then learning tasks with comg@seB.

I Incremental/curriculum Learning
I Learning A->B->C is easier than at random grder.




Continual Learning

%97 datasor

Task 3
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Task 5

719
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Task 4

b7

first  second
class  class

Task 2

(permutation 2)

Task 10

(permutation 10)

Task-free continual learning

AE

o

Task 1 Task 2
I Learning a sequence of tasks without 01/
. — class  class class  class
looking back.
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Continual Learning

I Learning a sequence of tasks without A ﬂ
looking back.

| Goal is to do well on all of the tasks at EURPED EEEEE - EEEER
the end. GOHEEN EEERE SEERER

aT } Task-based continual learning bT . Task-free continual learning
ask set ask set
0] /. A& BA 0]/ AEl BAa
Data stream Data stream
DL__IDDD] | | 0oooa aoao (W) aoooa
00000 00000 0oooo 0o0oooooo
button press door open drawer close drawer open msert

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

Task 2 Task 3 Task 4 Task 5
. . - o ~
I Learning a sequence of tasks without s
. class  class class  class class  class class  class class  class
looking back.
. {pejrr?ust;/;n 1) pejn?ust:tlgn 2) pe;lr-r?ustlgtllr? 10)
I Goal is to do well on all of the tasks at CEOnn EEEEE - BEEEE
the end GO0 | S |
e end.
I T k b d aT } Task-based continual learning bT . Task-free continual learning
| aS Oun ar? ask set ask set
g 0] /] AE Ba 0] /| As Ba
Data stream Data stream
DEIDDD] | | 000oa aooo 0 aoooo
000ooao 000o0oa 0oooo 0ooooooao
_ button press |door open drawer close drawer open peg insert
siae

(a) Pong variants

(b) Labyrinth games (c) Atari games
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Continual Learning

Task 1 Task 2 Task 3 Task 4 Task 5
. . ~ -~

I Learning a sequence of tasks without 719
looking back.

. {pejn?ust:tign 1) (pejn?ust:tign 2) (pe;lr-r?ustlgtilr? 10)

I Goal is to do well on all of the tasks at NUPEN EREEE - BEEEE
h d BEEGA EREEEE SEEEEE
the end.

I T k b d aT } Task-based continual learning bT . Task-free continual learning

ask set ask set

- taskbouhdary o]/ oa[Ba) @6 6@ [Ba

| MemOry constraints oDoon| 00000 e a e ulare 00000

— EII:IEIDD] | | 00000 00o0ooo Oooooooo

-Y —1t dﬁﬁﬁﬁ
_ - button press door open drawer close drawer open msert

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

I Over-completeness Assumption. A Sy = {I |"a(1) < #
multitude of models can reach "
equivalent performance. Sa! Sg = #
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Parameter Regularization

I Over-completeness Assumption. A Sy = {I |"a(1) < #
multitude of models can reach "
equivalent performance. Sa! Sg = #

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

p(! [Da)= N1, 1)




Parameter Regularization

I Over-completeness Assumption. A Sy = {I |"a(1) < #
multitude of models can reach

equivalent performance. Spl Sg = A
I What is left is to efficiently find = Low error for task B = EWC
the intersection between A and B. = Low error for task A~ L2
| » S penalty
p(t [Da) = N5, 0) ol p

I Elastic Weight Consolidation K
(EWC):

L= La()+ SRl th )

| .
\_? ‘g{'h per OZWW on
ZH6QE'&6#1Q$%&.$()$VI%61.5#/831'& -8.6 BHUSI/EBYIEEAE.P . 60-)$0G: <$=>




Computing Fisher

I At the end of each epoch, compute tl
gradient Squared: . ;o trainA  trainB  trainC i

Task A
m/r—%
QN
w)

Task B

0.8 - :‘

1.0 -

Task C
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Frac. correct o )
Training time
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Computing Fisher

I At the end of each epoch, compute tl -
gradient squared: . L, wanA  wanB  wainC

2 . o ‘ EWC
L d!; : ] SGD_

Task B @
- o
o o™

L i —
I Measures the sensitivity on each os F:A“l
parameter dimension. ' '

1.0 -

0.8 4 | il

Frac. correct

Task C

Training time

Z#HBQE'&6#1Q$%&$' ()$VI%61.54#/8$1'&'-&6 . BRHUSI/GEYEB& P .6Q-)$0G:<$=>I|) @ NYU
@%IQ%$%&S'()$!./&H], ($T%'6/#/8$0"6.,8"$<RTBZHBEL %)SDIH7$=>[) !




Computing Fisher

I At the end of each epoch, compute tl

gradlent Squared : 5 ;i trainA  trainB  trainC i

AL < @:L
|:| -~ dr; a r : ; SéD
= 0.8 : :
o 1.0 : ;
I Measures the sensitivity on each = EIC:VH.\
parameter dimension. o 10, | |
l You can also accumulate an online & 5‘3 :
: = 0.8 4 J
eStImate Frac. correct o .
Training time
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Variational Continual Learning (VCL)

| Bayesian formulation:
1T

p(! [Dat) ! p(t)  p(De 1) p(t | Dyt 1)p(Dr |1).

= 7 t=1 L E—\J\}
o reyiowsk oS0 oy
New  postarior, i e e
tesk.
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Variational Continual Learning (VCL)

| Bayesian formulation:

T
! p(!)  pOc 1) p(t | Derr 1)p(Dr | 1),

I Variational approach: _ [zt S
a()=argmin KL ot - 1(1)p(D; | 1)
\ 0 by
G S0

/
G8,2%/$%&$'()$4' 64 &#.I'($!.1&#],'($7%'6/#/8)$BIS) $ (% N Y U




Variational Continual Learning (VCL)

| Bayesian formulation:
T

p(! [Dyr) ! p(t) p(De|!) ! p(! [Drri1)p(Dr |1).
t=1
| Variational approach:

a(1)=argmin KL q(1)! > g+ 1(1)p(D(|1) |
q! Q t

I Loss: L(a('))= Eir gl logp(y|x, )] +KL( (! " g 1(!)).
e

ANYU




Variational Continual Learning (VCL)

| Bayesian formulation:
T

p(! [Dyr) ! p(t) p(De|!) ! p(! [Drri1)p(Dr |1).
t=1
| Variational approach:

(1) =argmin KL q(1)! > g+ 1(1)p(D(|1)
q! Q t

ILoss: L(a('))= Eiv gl logp(ylx, )] +KL( &' " g 1(!)).
(') =" gy N(eaitea," %)
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Variational Continual Learning (VCL)

| Bayesian formulation:
!T
p(! [Dy7)! p(t) p(DO:t]|!)! p(! | Dyt 1)p(Dr |!).
t=1
| Variational approach:

(1) =argmin KL q(1) ! g 1(1)p(Dy |!)
q! Q t

| Loss: L(a&(!) = Eri gl logp(ylx, )]+ KL( g '.
(') =" gy N(eaitea," %)

I Compare to EWC: Maintains uncertainty throughouwatining.
P a— (%// NYU
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Knowledge Distillation

| Instead of saving the data _T (old task 1)
points, we can also save the (testimage) }
| ' ~(old task m)

previous model checkpoint.

ouow’fp“r_f Xnl!o). w_ 4 _pocarm. Os i 0,
fLow MM@ = f (X! n)- et newIn Input: Target:

L (Yo, %) + LCy *) " model (a)’s

[ = = 30 ! K i response for

provert Jgfjutw\B leswn ew i‘::;a: -~ old tasks
I Use new data points and oId S

weights to OdistillO new task
ground truth
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Architecture Expansion
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Architecture Expansion
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Adapting Pretrained Models

I Pretrained models have general knowledge that caralapted to a
continual stream of tasks.

Rehearsal-based methods: Our method:

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

Data buffer of
past tasks

lllllllllll

llllllllllll

Query : = Instruct

M|n|' . ]
batching Task N

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

Task N Mini-batching
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Adapting Pretrained Models

I Pretrained models have general knowledge that caralapted to a
continual stream of tasks.

| Learn adaptation parameters for each task and sttirese as Otask
embeddings.O

Rehearsal-based methods: Our method:
Fine-tuning Prompt selection + tuning

/

: Trainable

v
Data buffer of
past tasks

lllllllllll

llllllllllll

Query : = Instruct

Mini-
batching

------------
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Task N Mini-batching




Adapting Pretrained Models

I Pretrained models have general knowledge that caralapted to a
continual stream of tasks.

| Learn adaptation parameters for each task and sttirese as Otask
embeddings.O
I Main model is frozen.

Rehearsal-based methods: Our method:

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

Data buffer of

llllllllll

past tasks . s Geemeasan,
Mini- . . Query : = Instruct
batching % Task N . .

lllllllllll

Task N Mini-batching




Learning to Prompt

Prompt pool (slot memory)

{(K1,p1),--s(Km,pm )}

Prompt pool ‘
(a shared memory space)

Prepend selected prompts ( Pretramed Embeddlng Layer )

@@@: NI

Pretralne Transformer Encoder

|:| O i/\ /Avg ool
( Classifier )

A key-value pair !
Prediction

Matched

%
_'18$%8&$'()$7%'6/4#/8$&.$06.5E&S+.6$!./&#, ($FPHIBOLS=>==) (Tl NYU




Learning to Prompt Tk At

Prompt pool (slot memory) : :
= argmin o< M (a(X)) K
{(ki,p1), -, (Km ,pm )} @ omins s ) ey &
yrort .

- p

Prompt pool ‘
(a shared memory space)

| '
Prepend selected prompts ( Pretrained Embedding Layer )
\;\ AL ij aj EQ I i

199 -
]

Pretrained Transformer Encoder

\“/AngooI

Matched pairs

O 0 ,
( Classifier )
A key-value pair |
Prediction
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Learning to Prompt

Prompt pool (slot memory)

(KL DD (kg by )} o8 = 2TIMINs s 2 (A(X), ki)

minpk, 1 L(g (x),y)+ !y, "(a(x), ki)

Prompt pool
(a shared memory space)

|
/\ Prepend selected prompts ( Pretrained Embedding Layer )
AT ij Eﬁ %; I I

Query function [P : 9 [P
J

Pretrained Transformer Encoder

\\ / AvgPool

Matched pairs

a0 |
( Classifier )
A key-value pair T
Prediction
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Continual Self-Supervised Learning

I Learning from a stream of unlabeled inputs.

___________ (U4) Learned (\%f
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Continual Self-Supervised Learning

I Learning from a stream of unlabeled inputs.
I Bring SSL to the dynamic world.
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Continual Self-Supervised Learning

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

___________ \ (U4) Learned (s ,'[
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Continual Self-Supervised Learning

I Integrating learning objectives of both past andegent.

Current Past (Distillation) Past (Replay) Cross-Consolidation
L(X:g! f)+ L, X hTfy 1, h! f)+ L(Y:hTf)+/L(X, Y :h! fy)
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Continual Learning from Video Stream

t@?ﬂk lé?)ﬁ\nacéjar |

I Watching the full video once in a lifetime.
I Event segmentation to define Oboundary.O

™



Multiple Timescale of Memory in Video Learning

I Micro Chunk: Atomic unit.

| Sanantic Segment: Most
relevant chunk for video-
text alignment.

I Event Segment: High-level
segment for event episodic
memory.
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Continual Learning and Memory

Fragility of feedforward gradient descent of thetere networks

If we have representations ready, continual leagn just
memorizing a sequence of new tasks.

In prompting approaches:
I prompt pool = memory
| pretrained network = representations

But what if representations also need to be budgsentially?
ItOs also plausible that representations are jusé@@t memory.O



Associative Memory

I Memory aims to store content for easy retrieval

76.8&.93Y$\.E+#9%(B)$*%/-%$:--. 1# &#9%SHY%5 BABBRAB/#&H./)$GD0<$=>IR)
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Associative Memory

I Memory aims to store content for easy retrieval

I Associative memories (Hopfield Networks) can be viewedeagg-based
models 1 IN 1K KoK OSuperpositionO of k slots
E =1 E Si Wij Sj Wij = !i !j . Hebbian learning
ij =1 k=1
I When presented with a new pattern the network shouldpend with a
stored memory which most closely resembles the input.

I Retrieval:s; = sign( i Wi sp) Storage:
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Relation to Transformers

I General form:
=1 F( Ks).
K i
| WhenF(z) = z2 it gives the classic HN.
I Transformer-like attention operation: | gE=" Wi s;
Z ! softmax(! XW (W, Y')Y;W,. '

i
s ! sign( j Wij Sj)
S ! softmax(! S! ' )! .



Relation to/tt}nslam\ers

I General form: D (j g
=1 B tks). U
) i ! Qtored \Hemy

"\
 WhenF(z) = z2 it gives the classic HN.

I Transformer-like attention operation: | gE=" Wi s;
Z ! softmax(! XW W, Y "' )Y;W,.

)
S; | Sign( j Wij Sj)
S ! softmax(! S! ' )! .

1 y 1
E = logsumexp(,! ' s)+ =s' s+ ! llogN + =M?2,
L L2 2

L& _
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I Regular softmax attention - Q T
V

. K
Attention( Q, K,V ) = softmax -] -
Kk
I Problem: need to store a past tokens to compute Sudtmax.
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Linear Attention as Memory

I Regular softmax attention - Q T
V

. K
Attention( Q, K,V ) = softmax -] -
Kk
I Problem: need to store a past tokens to compute fSudtmax.

- . /ﬁ_—\_,’—‘
I Linear attention

r
I Store the KV matrix (fast weights).

| Writey'S, st|1+ > ?cﬂxaf ‘
l Read: (O |= O

~
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More Update Rules

| Sauration Problem: The memory state continually accumulates
Information without bound.

S = Sy 1+ KeV!

| Pure Linear Attention lacks a mechanism to disgaelevant
Information.

| Fixed Decay (Mamba, RWKV):S; = I S 1 + KV, |
| Data-dependent Decay (GLA): S; = ¢! Su 1+ KiV' W%W

| DeltaNet: St = S 1 +@<tT Ei=VWV! 9
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I We can also formulate memory update as a form afdyent descent.

1
(W) = E!Wkt " vl ?
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Wi = Wy o b 1w e(Wa 1)
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Test-Time Training

I We can also formulate memory update as a form afdyent descent.
1

(W) = E!Wkt " vl ?
D w (W) = (Wke " k!
Wy = Wy o PP w " (Wh 1)
Wi = Wi 1! TH(Wa 1kt ! Vt)ktT

Wi = Wy g+ T(ve ! Wy gke)k{

DeltaNet  \\/;

Wy 1+ Ecky



Test-Time Training

I We can also form a deeper memory using MLP. Lmearory has
the capacity upper bound.

f (X; W)= Wy(GELU(W31x))
(W) = 21 (ks W)™ v 2,
T 1
Criféft  Velue.
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Test-Time Training L@ @ |

Slow (Lo

I We can also form a deeper memory using MLP. Lmearory has
the capacity upper bound.

f (X; W)= Wy(GELU(W31x))
(W) = 21 (ks W)™ w2,

| The TTT View on CL: The context window Is an onliaestlaam:
D = {(kg,Vv1),(K2,V2),...,(kn,VN)}

I The Outer Model iIs meta-trained to project tokensoimighly
orthogonal key vectors to prevent forgetting.
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I World models, dynamics
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Summary: Continual Learning

Regularization, Distillation, Architecture Expamsgisolation
Frozen representation: prompt learning

Combination with self-supervised learning

Integration of memory and representations

Exploration of multimodal continual learning anéphing from
embodied environments. Adapt:

I Changing visual scenes and statistics

I World models, dynamics

I Environment rewards

Understand real-world structure. Online sequencespective.



