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Imitation Learning

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

@=fol)  C=mina, a3 £=-loga,
— N




Imitation Learning

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

: f€(37) £:manHCLZ—CALH% L = _log&j

* Energy-based (cost-based) approach
()= argmin_ E(x,7)

exp(E(z,T
POl =) = 7 ef«io(é(x,)r)»
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Imitation Learning

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

&:fg(il?) £:manHCLZ—CALH% L= _log&j

* Energy-based (cost-based) approach

7 = argmin_ F(x, 7)
_ _exp(E(z,7))
P(T 1 2) = T (Bt

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

end for

Return best 7; on validation.

Algorithm 3.1: DAGGER Algorithm.

ANYU




Direct Policy Learning from Diffusion

* Error prediction network is

conditioned on observation features.

: a(Af - Ot, AL k) + N(0,0%0)).

L= MSE(e*, e9(Oy, Ar + €5, k)).

Input: Image Observation Sequence

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

Y

Diffusion Policy
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Learning Cost

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

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




Learning Cost

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

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

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

L optimal trej ot enct| !




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.



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

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

argmin E max
p o |
{(@,9)) =1~

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




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.

argmin E
0 at o
{(xf,yf)}izl...N

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




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. 0,

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

* Low-dimensional/known dynamics problems: External samplers

[—ﬁ\(a COxuy.td /yw
%ﬁ Ii| Zcextayt 609 ANTH @)

e
Zeng et al. End-to-end Interpretable Neural Motion Planner. CVPR 20189. O][— W ) (?l 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.

ARE

* 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 DP)

argénin Z C@ xtayt C@[ 7,7?/@] + dt
{(xt At)}z 1.

2 7y (
(]
Zeng et al. End-to-end Interpretable Neural Motion Planner. CVPR 20189. 1 NYU




EBM Planning

* Energy-based framework also needs negative samples.

Florence et al. Implicit Behavioral Cloning. CoRL 2021.
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* “Pick” the groundtruth sample among others.
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EBM Planning

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

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




EBM Planning

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

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

Langevin MCMC: Sff = ka L\ (%VyEg(x@-,yf_l) + wk) ,w"“ ~ N(0,0’)

7




Langevin MCMC.

Langevin MCMC: yz — yz

Loss: L=, —log(pe(yi | x,{¥i};)

/ O(]\Hm«f’z’:c&‘:"’“‘
(&5

— A (%VyEH(

Florence et al. Implicit Behavioral Cloning. CoRL 2021.
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Non-Parametric Cost Volume for 2D Planning
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Non-Parametric Cost Volume for 2D Planning

* Interpretability (both costs and planner inputs)
* Use spatial geometry to form cost from explicit objects
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Non-Parametric Cost Volume for 2D Planning

* Interpretability (both costs and planner inputs)

* Use spatial geometry to form cost from explicit objects

* Predict spatial cost volume MW
* Rasterize the scene for —L E‘I

* Predict soft occupancy vqumes present and future)

Rasterization Semantic Occupancy

SIS Gt

> [ )

\ .

\ .

)
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Learning Through Interpretable Predictions
— -

* Semantic occupancy, motion field,
Dnvable area Intersections

mapping, etc. as intermediate predictions. .- —

Reachable Distance Transform Reachable Angle
e . i b
Inputs Scene Representations Motion Planning b n
Voxelized LiDAR Backbone Retrieval-based Occupancy Temporal Motion Field
Network Trajectory sampler
: ) |]Im N Costing t=0 t=1 t=2
2 T ) >
: L] WM Perception & i T~ N — 2
: Prediction PYnamic state g (B . LB
i o}
High-level Goal : ] Routing 3
" " = e i I @)
KEEP STRATGAT \_// W
C
Q
0
Casas et al. MP3: A Unified Model to Map, Perceive, Predict and Plan. CVPR 2021. S




Learning Through Interpretable Predictions

——
* Semantic occupancy, motion field, - [

Drivable area Intersections

mapping, etc. as intermediate predictions. -

* Differentiable, supports end-to-end .- —
interpretable learning from perception t0  reachable Distance Transform ~ Reachabie Angle
planning. o e

9 - - : [ / ~—

I o

Inputs Scene Representations Motion Planning 3
e Backbone ~ Mapping  Online mop Retrieval-based Occupancy Temporal Motion Field
Network “, .{\ Trajectory sampler
A /// | | Ilm n N Costing t=0 t=1 t=2
V I 74 d Perception & = \_’_> f é
: Prediction PYnamic state g . Fow — . Flow —
High-level Goal : 7 Routing §
" " f= - i I o
HEEP STRALGHT \_,/// W
C
Q
0
Casas et al. MP3: A Unified Model to Map, Perceive, Predict and Plan. CVPR 2021. S




| Value lteration Networks
Qxplicit optimigation Vs [teravive Aethork prapsgativo,
* 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.

e Classic VI altorithm:
V*(s)'= max, V™ (s)
” ' K_,) DPﬁM(' [)O([Lj'

(]
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.
S nﬁqw CoST .

 Classic VI altorithm:
he tfer PQ&V Jettes vrecord

(]
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, V7(s)
VT(s) =E" > g v'r(st, at)
Qn(s;a) = R(s,a)+ ), P(s']s,a)V,(s') Be\l ren 6‘1%*%

Tamar et al. Value Iteration Networks. NeurlPS 2016.



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)

V7T(s) =B 3 g 7' (s, a)
Qn(s,a) = R(s,a) + 7, P(s']s,a)V(s)

: maxy)Qn (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.

e Classic VI altorithm:
V*(s) = max, V™(s)
VT(s) =E" > 2o v'r(se, ar)
Qn(s a) = R(s,a)+7v>. . P(s'|s,a)V,(s)
n—|—1 S) — MaXgq Qn S CL

Tan I. Value Iteration Networks. NeurlPS 2016. (?l NYU




f—/'\
j Value Iteration Networksk .
/UPOWV""F%' ‘ 7
__/\—/ ne~ | (onV > Lot v M
* Reward and previoys value are fed intg/a netwgrk to generate Q of A

chaii ‘i Transiti matrlx |s€\ rnel. Then Max-Poqling.

Vit1(s) =max,)@n (s, a)

Value Iteration Network VI Module
ol o Module " Prev. Vaiue | L
i ' R Plan on Frm : ! F New Value
P — = V* o Q _
o P —) MDP V —‘ | Re\ﬁard Q v
: 1 R I:[\__t—l]:b .............. % (RPN
Observation g S ST ) O O
¢(5) >| Attention A g
SRR A : ¢ i L \
X . !
w(s)__’l Reactive Policy R €fmm e
Tre(alp(s),v(s)) K recurrence

/
ANYU

Tamar et al. Value Iteration Networks. NeurlPS 2016. CQ $~{_ VD I,L”"\e




Value Iteration Networks

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

softmax, (Q(s, a))

Value Iteration Network VI Module
ol o Module " Prev. Value | L
I — >V ¥ Reward Q -
fel, 5 |mppP M 1S ¥ jaaia I Q v
........... ¥ R E‘Eth dod
Observation g ' . F B i RSSO ¥ RS O
¢(3) >| Attention A I
.................... — . |
w(‘S)__’I Reactive Policy Locmooen R ————
Tre(a|@(s), 7 (s)) K recurrence

Tamar et al. Value Iteration Networks. NeurlPS 2016.



Backprop through Planning

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

Backprop

States I:> Policy a 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.
VL. —\7l
Qp L Q, LQ

* Option 1: Unrolling a finite number of steps

-

Backprop

L.,

6

“*@

(e

States

|:> Policy (IE>

Actions

———-—

Learnable MPC Module

Submodules: Cost and Dynamics

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

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

opr N T srebs /\% \(
Ry
A\—/Bﬁkprop
<«

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

|:> 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 x,

* Unconstrained case @ o

. T (oSt —
" = argmin f(x;0). - ’ [carnable fled = Jle-y =«
T) Cost oL

s

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



Implicit Differentiation x,

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

d
ag 4= (*":0)

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




Implicit Differentiation x,

. ! . - *
* Unconstrained case o Optimizer - T
x* = argmin f(x;0). @ & Flwe) — fl@er) < €
£ .

0= Jf,m* (x*;0) \(@

o)
0= Jpar(@0) 2 1+ L @s0) ST
_@]ﬁ“’* 00 T et

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



Implicit Differentiation x,

e Unconstrained case ro — Optimizer . "
x* = argmin f(x;0). f(@e) = f(@i1) < €
9 b
d
—Jf 2 (x50
0=——J x*; 0
Or f T )

ox*

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




Implicit Differentiation x,

* Unconstrained case L0 * Optimizer > ™
x* = argmin f(x;0). f(@) = fl@ia) < e
ddHwa (" 0)
0= 85} J o (2 9)%9* 889wa (x™;0)
0= Hf,m*(m*;e)%we aaejfm (x*; 6)
Hpar(@730) ™ S g (a730)

@
roving Recurrent Back-Propagation. ICML 2018. 1 NYU




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 — Axy
* HOW tO COmPUte HeSSIan Inverse if r( is sufficiently small, then return x, as the result
vector product? Py = To
k=0
« Conjugate gradient, solve Ax = b repeat
) )

Hg

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

T
rk I /_§~ H
A =7 > ( - V:
)
Xk+1 = Xg T O Py

Fpy1 = T — QAP
if ry. ;1 is sufficiently small, then exit loop

By 1=

=
Tpr1Tk+1

T
I‘k T

J=rrr1 + BePy
=k+1

end repeat
return xj;.; as the result




Implicit Differentiation

* How to compute Hessian inverse
vector product?

« Conjugate gradient, solve Ax = b

 Neumann series (finite truncation)

(I—A)"

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

* Memory savings.

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

Conjugate Gradient Method
rOIZZb-—fXXO
if r is sufficiently small, then return x( as the result
Py ‘= To
k=0
repeat

rgrk

PZ Ap;

Xk+1 = Xg T O Py
Tl =Ty — apApy,

Qf 1=

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

r1+1rk+1
Br = —=
rkrk
Pri1 = Tit1 + BePx
k:=k+1

end repeat
return X5 ; as the result

ANYU




Differentiable LQR

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

T1:T — {wtaut}lzT

5#«\1@\

C,DM('V\U‘ .

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

L

drect
— A e
”argmin ET: 17‘T@ﬁs +c' 7 s
LT 2" ! l(YL@ OU//\OJW“

subject to xy1 4 = Fy1 + fi, 1 = Tinit-

N

/@u\ft%é(a ‘ [W"“/é({/,




Differentiable LQR

T
* Now add linear equality argmin Z thTCtTt +e
constraints on the dynamics rr 7 2
and initialization.

subject to x4y1 = Fym + fi, 21 = Tinit-
T1:T — {xtaut}l:T

: o o0 0Ty
* Chainrule: 35 = 777~ T

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




Differentiable LQR

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

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

: oL o¢ 0Ty, .
e Chainrule: 55 = 35— 34 General QP: 1

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

subject to Ax = b.

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




Differentiable LQR

T
* Now add linear equality argmin thTCm P
constraints on the dynamics rr 2
and initialization.
T1:T — {xta ut}l:T
: o or OTy. .
° Cha|n r‘ule: % — anT 819-T . Ge:eraIQP. 1 - -
: T = aremin —x r+c' x
o KKT: gmin 5z ¢

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

subject to Ax = b.

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




Differentiable LQR

* Now add linear equality
constraints on the dynamics

and initialization.

@Z {xta Ut}l:T

ov ol OT].r

* Chainrule: 35 = 777~

* KKT:

A 0] |A"

Bl

K

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

00

T
1
argmin Z §Tt—|—0t7't + ctT Tt

Tl:T t:].

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

General QP: 1 /7\
x™ = argmin 5:1?@:1:%

subject to Ax = b.

B —

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

ANYU




Differentiable LQR

xr

* Apply differentiation % (K LD _ j_z, % {:ﬂ K [j’m _ ;1;

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



Differentiable LQR

. - x* v dK |x* da ” dv
* Apply differentiation % (K [AD = j_g' 19 [i] +H [ddf*] ~ a6

—I 0 —x* =)\*
0o I 0 —x*

da* da* dz dax* dx*
a0 | _ dec db dQ dA
K [d)\*] =K dX\* d\* dX\* d\*
de de db d@ dA

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



Differentiable LQR

. . . T* v d r* da* dv
+ Apply differentiation 4 (5 [%:|) =55 g |%| “ K |&| =

dx* de* de* dx* dz* . .
c —I 0 —zF =)\
K [ddAO*] — K [ddxk b dQ dA] [ A _x*]

d\* d)\* d\*

de de db dQ dA
of de™ de™ ot Y.
0z* de db 0 0

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




Differentiable LQR

* Apply differentiation a (K [f\]) _ Qv dE [ﬂ LK [jdie] _ v

da” de* dz* dz* dz* * *
c —I 0 —x* =)\
. [ddf*] - [dd” i 51;%"] - [0 I 0 —x*]
de de db dq dA
de”  dao” ¢
I%e or c;BC* cinb>k — |7 9z~ _ 8;1;
0z* dd>\c d(;;) 0
bﬂw/((wa{ PCLSS
* Equivalent QP:
1 or T
d* = argmin -d' Qd + — d,
d 2 ox*

subject to Ad = 0.

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

A NYU




Differentiable LQR

. - x* v dK |x* da ” dv
* Apply differentiation % (K [AD = j_g' 19 [i] +H [ddf*] ~ a6

K dwg K fc fb de dafax —I 0 —xF —A
dX* | — dX* dX* dA* dX* 0 T 0 ot

a0 de db  dOQ dA
of de™ de™ ot Y.

K [ddxc* dd>?*] = [ a“’*] Kd* = [ 3“3*]
0z* |“fa db 0 0

* Equivalent QP:

1 ¢
@: argmin —d ' Qd + 8_ d,
d 2 ox*

subject to Ad = 0.

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




Differentiable LQR

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

* Swap ctoV«fand f to 0.

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




Differentiable MPC

* What about general MPC? //

T
argmin Z Ct (It, Ut)

T1.T ExaulzT Eu t—=1

subject to 11 = f(x4, ut), T1 = Tinit-

—
—_—

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



Differentiable MPC

* What about general MPC?

argmin E Ct azt,ut

r1.TEX U7L! TEL{t 1

subject to 11 = f(x4, ut), T1 = Tinit-

* Use Taylor expansion to approxmate

C@t = Cy t(Tt) +Pt (Tt —Tt) T %(’Tt —Tf)THf(Tt —Tf)-

—_—

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

@
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Differentiable MPC

* What about general MPC?

argmin E Ct azt,ut —

SubJect to xy11 = f(xy, Ur), T1 = Tinis-
* Use Taylor expansion to approxmate
Ce + = Co +(7¢) + b} (Tt — i)+ 5(me — ) Hi(re — 7).
* Fixed point iteratio

7 K argmin, Y Ci(r).

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




Differentiable MPC *

* What about general MPC? />

argmin E Ct azt,ut

v1.0 €X Ut €U 3
subject to 11 = f(x4, ut), T1 = Tinit-
* Use Taylor expansion to approxmate
Ce + = Co (7)) +pi (Tt —7)+ %(’Tt — 1) Hi(re — 7).
* Fixed point iteration
7't = argmin_ Zf Ci(1}).
* Backward only depends on final quadratic approximation.

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




Behavioral vs. Trajectory Planning

* Gradient-based optimization provides a locally optimized trajectory.

H (9 her level dQ/U'f«'TN\. / I T

! f‘\) ) D(Pjvt'zjg;g/ t’qJ" 80
[\Vl("(‘("w( Crejew <—/Obstacle Driving Path Lane Headway
Sy . .

,f
o

D e e g i I 1

Scenario W Sampler 7(B) Select lowest cost f Trajectory fitting @ Optimization u* \ I:I
'

y W Trajectory ) @ ] ] ]

| | | | o A NYU
Sadat et al. Jointly Learnable Behavior and Trajectory Planning for Self-Driving Vehicles. IROS 20189. 1

]
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Behavioral vs. Trajectory Planning

* Gradient-based optimization provides a locally optimized trajectory.

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

Obstacle  Driving Path

enari

A

: ~
e ,‘—' f=wlec —

Sampler 7(B)

Behavioral

Select lowest cost f

&l

Trajectory fitting @

—

\ 4

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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Scenario W

Behavioral vs. Trajectory Planning

* Gradient-based optimization provides a locally optimized trajectory.

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

Sampler T7(B)

Behavioral

Select lowest cost f

&l

Trajectory fitting @

—

\ 4

f=w'c
Optimization u*

Trajectory é

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

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

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

Multi-modal Multi-actor
@ € @ 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(sy, ..., sy | X) =L eXp(si,,,,,si\,_) | X)

. . + o . . o
Trajectory Goodness + Collision > Eo(si | X)+ 2, E(siysg)

Ulf s; collides st7

Multi-actor
Interaction

Multi-modal

B (D -Prediction
ﬁ

@p

I

(

\
-
i
I
1

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(st,...,sy | X) = Lexp(—Ey(s1,...,sn) | X)

* Trajectory Goodness + Collision.
J Yy ZZEQ(SZ |X)+Zz7g] E(Si7sj)

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

Multi-modal Multi-actor
- B ¢ Prediction . Interaction
| @
\
5-
J - 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(st,...,sy | X) = Lexp(—Ey(s1,...,sn) | X)

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

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

* Batch of trajectory samples.

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

Trajectory [
Sampler

Zeng et al. DSDNet: Deep Structured Self-Driving Network. ECCV 2020.
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Summary: End-to-End Planning and Control

* Direct Policy Prediction

* Condition perception features into the model
* Use of diffusion models

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

* Differentiable Planner

 Backprop through local optimization, learnable cost

* Can be memory efficient, implicit differentiation .
—— ‘4 NYU




Module 5:
Continual 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.

: f(ﬂ?ta 9t—1) 1.7 ~ X

» Example: Online reinforcement learning, trajectory roll out is online, but the
environment is the same.

- Continual learning means tha there W|II be distribution shift.

- - Online ® Gn¥inuel.
A NYU




What is Continual Learning?

* Distribution shift: Forgetting e o (MWI@J;
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What is Continual Learning?

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

* Multi-task Iearnin@Forward transfer @ * @

* Learning Task'A + Bresults in better learning in Task C compared to learning
C alone. \

* Leverage the similarity between tasks.
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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.




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 s easier than at random order,,




Continual Learning

%97 datasor

Task 1

0] /]

first  second
class  class

* Learning a sequence of tasks without

Task 2

first ~ second
class  class

Task 3

first  second
class  class

Task 4

first  second
class  class

Task 5

719

first  second
class  class

looking back.

Task 1

(permutation 1)

0] /7]2|3[4
BaEEEA

Task 2

(permutation 2)

Task 10

(permutation 10)

a Task-based continual learning b
Task set

Task set
<]

0]/

0o0ao oooo

0] /|
DUDDD| | |

Data stream
00000

00000

oy
button press door open

(a) Pong variants

(b) Labyrinth games (c) Atari games

flu‘ — ﬂd'

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

Data stream

0o0ooo

Task-free continual learning

AE

o

drawer close drawer open

gogaaaog
0o0oooooo

insert

pe
siae

ANYU




Continual Learning

Task 1 Task 2 Task 3 Task 4 Task 5
* Learning a sequence of tasks without 0L/ F14
looking back.
. {pegr?ustl.;tign 1) (pejn?ust:tign 2 (pe;lr-r?ust:tilr? 10)
* Goal is to do well on all of the tasks at NEEED EREEE - BEEEE
the end GOGIG0 | SN | 8

a Tk Task-based continual learning b - Task-free continual learning
ask set ask set
0] /. A& BA 0]/ AEl BAa
Data stream Data stream
aoaoo 0oooa aoao (W) aoooa
EII:IEIEID| | | 00000 0oooo O0o00o00ooo

button press door open drawer close drawer open peg insert
side

(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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Continual Learning

Task 2 Task 3 Task 4 Task 5
* Learning a sequence of tasks without F14
looking back.
* Goal is to do well on all of the tasks at EHDED EEEEE llill
the end GOGIG0 | SN | 8

T k b d 7 aT } Task-based continual learning bT . Task-free continual learning
Py as Oun ar ask set ask set
y o 0] /] A& BA 0]/ AEl BAa
Data stream Data stream
d8008| | | doood 8800000 0080068
_ button press |door open drawer close drawer open peg insert

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

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 F14
looking back.
* Goal is to do well on all of the tasks at EHDED EEEEE IIIII
the end GOGIG0 | SN | 8

T k b d aT } Task-based continual learning bT . Task-free continual learning
Y as Oun ar- ask set ask set
y 0] /. AE Ba 0] /| As Ba
* I\/\emory constraints oooon 0ooog aTatatafatats oogog
— EII:IEIEID] | | 00000 00o0ooo Oooooooo
- _ button press door open drawer close drawer open peg insert

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

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 Sa=1{0104(0) < ¢}
multitude of models can reach
equivalent performance. SanSp # 0

. | R ANYU
Kirkpatrick et al. Overcoming catastrophic forgetting in neural networks. PNAS 2017. 1
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Parameter Regularization

* Over-completeness Assumption. A Sa=1{0104(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. = L O STTOF 10 s A 20 .

== NO penalty

p(0 | Da) = N(6:6,5) 1) o

* Elastic Weight Consolidation K
(EWCQ):

£0) = £5(0) + 3 SN0 05,7

\——2 g’fm«)kh per on@/d“QV\ ,
Kirkpatrick et al. Overcoming catastrophic forgetting in neural networks. PNAS 2017.




Computing Fisher

<

train A train B train C

* At the end of each epoch, compute the
gradient squared:

Task A

o

oo

P
m/,——?
QN
w)

Task B

1.0 -

! | —
0.8 - :‘

Task C

0.8 +

Frac. correct o .
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 -
gradient Squared: 5 10 train A L train B 1 train C %)C
0.8 4 : .
1.0 4

Task B

; e
* Measures the sensitivity on each - F:“l
parameter dimension. 1.0 - '

0.8 4 | 11

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

* At the end of each epoch, compute the

gradient Sq Uared: 5 ;e train A y train B ; train C i
F' _ (%) ;: ’f q: Lo
v\ do; o : | SGD
= 0.8 | :
1.0

Task B

; —
* Measures the sensitivity on each o [C:Vj

parameter dimension. 1.0 -

@) ' I
* You can also accumulate an online o : :‘5 ~~
. — 0.8 N ! 1
eStlmate- Frac. correct o _
Training time
Kirkpatrick et al. Overcoming catastrophic forgetting in neural networks. PNAS 2017. (?/l NYU

Zenke et al. Continual Learning Through Synaptic Intelligence. ICML 2017.



Variational Continual Learning (VCL)

* Bayesian formulation:

T
p(0 | Di.r) o p(6 H (Dt | 0) x p(@ | D1.7—1)p(Dr | 6).
i t=1 I W

now {)OSW')Wk F)ﬂle/a‘ow&@ PDS{'M'o»/, \\in\qw(

fosk.

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




Variational Continual Learning (VCL)

* Bayesian formulation:

p(0 | Dy.7) x p(0 p(D¢ | 0) < p(@ | Di.7—1)p(Dr | 9).
t:1

* Variational approach: C@U’“ e N

0:(6) = arganin KL (q?m H Zlqtgpwt | 9)) .
\

by b\

::]ﬂ

v,
(roud Cn S

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




Variational Continual Learning (VCL)

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

* Variational approach:

qt<0>—argmmKL( 0) | ya1(0 >p<z>t|e>).

qEeQ

e Loss:  L(qi(0)) = Egrg,0)—logp(y|x,0)] + KL(q:(0 || q:—1(0)).
—_—  y B ]

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




Variational Continual Learning (VCL)

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

* Variational approach:

qt<9>—argmmKL( 0) | ya1(0 >p<z>t|e>).

qEeQ

e Loss:  L(qt(0)) = Egq,(0)|—logp(y|x,0)] + KL(:(0 || g:—1(8)).
q:(0) = ngl N(Qt,d; He,d s Utz,d)'
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Variational Continual Learning (VCL)

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

* Variational approach:

qt<9>—argmmKL( O a0 <Dt|9>

qeQ
e Loss:  L(q:(0)) = EQth(g)[— log p(y|x,0)] + KL(q: (0 |
4t(0) = [To1 N (01,45 f1t,a, 02 ).

* Compare to EWC: Maintains uncertainty throughout training.
|




Frozen Layers (G) Plastic Layers (F)

OLA [« /\()(/Lt. Input 0

Replay

§fores9¢.

* Store raw data, representations, or train a

generative model
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Rebuffi et al. iCaRL: Incremental Classifier and Representation Learning. CVPR 2017.

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.

Memory

Ny

Reconstruction

Memory Indexing, Storage and Reconstruction

Reconstructed

Memory Indices Samples

s\ [OOOON; s\ (O]
E O.OO % g% l:l ToF
i || @000 &/ |
i Jeleleljit L

EEZJ“9Q_SﬁWﬁ@ -f?'

L

Feedback Connections

opo
===2@Mpyg
— — Softmax z N
K Ss S o ! ‘l
i A}
NTT/E\ )| —> /
A ) 4 . ’
o L I#‘"C
P U
"o s~,
‘s.l |‘,‘
AN
New data *Replay

ANYU




Frozen Layers (G) Plastic Layers (F)

New
Input (X)

Memory

il

Reconstruction

[CH]

e N

Replay

. .
* Store raw data, representations, or train a

generative model

. 1 :
* Coreset selection p <+ " Z () pr < argmin|/p —
reX reX

Main model

-
- See

............
------------

New data Generative replay

Rebuffi et al. iCaRL: Incremental Classifier and Representation Learning. CVPR 2017.
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.
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Knowledge Distillation

* Instead of saving the data g (old task 1)
points, we can also save the (test image) o
. ' ~(old task m)

previous model checkpomt

old ovv’fP”‘r f@ 0,) o[d o powar. 05 5 6,

Now 047 @ = f(x,) 9 pat WInp_ut Target:
L(Yo,Yo) + L( x—) . model (a)f’s
[——=J o . response 1or
provert Jgfyafcwxs szata:k 1» old tasks
* Use new data pomts and old S i
weights to “distill” . Dewtask
N ground truth

@
Li & Hoiem. Learning without Forgetting. ECCV 2016. 1 NYU




Architecture Expansion

output, outputs outputs

input

(k) _ (k) 3, (k) Z (k:3) 3, (5)
hi - f Wz hi—l + Uz hi—l
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

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
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T f/
input
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h® = [ WOR®, + S UEY),

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.

Selective Training

Dynamic Expansion
t—l1 t t-1

Network Split
t-1 t

X IR \BL L= L
L @ .« o
Selecti\ée Trajtn_i ng .
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Dynamic Expansion Group sparsity
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NYU




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 : s eewemaean,
Mini- o . Query : = Instruct
batching Task N
‘ Task N ‘ ’ 7 Mini-batching

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: Our method:
Fine-tuning Prompt selection + tuning

/

: Trainable

v
Data buffer of
past tasks

lllllllllll

llllllllllll

Mini- Query : = Instruct

batching

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

lllllllllll

Task N Mini-batching

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.”

* 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 Pretramed Embeddlng Layer )

, | P
| | —_)
‘ &7 1 Query function . \L@@ @i ¢
Matched [ Pretralne Transformer Encoder ]
[] O i/\ / AvgRool
( Classifier )
A key-value pair T

Prediction

@
Wang et al. Learning to Prompt for Continual Learning. CVPR 2022. 1 NYU




Learning to Prompt Tk it

y

Prompt pool (slot memory)
= argmin ; x)) ki
{(k1,p1)s -+, (ko) } @ SZGSV( (@) ) l%y M
pre

—

Prompt pool ‘
(a shared memory space)

. l
Prepend selected prompts ( Pretrained Embedding Layer )
\k“ '/ | F \\ é $ é @ é @ @

Pretrained Transformer Encoder

\ / AvgPool

D O ( Classifier )

A key-value pair !
Prediction

Matched pairs

@
Wang et al. Learning to Prompt for Continual Learning. CVPR 2022. 1 NYU




Learning to Prompt

Prompt pool (slot memory)

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

minp,K,(b £(g¢(az), y) + A ZiEKs V(Q(x)v kz)

Prompt pool
(a shared memory space)

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




Continual Self-Supervised Learning

* Learning from a stream of unlabeled inputs.
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Madaan et al. Representational Continuity for Unsupervised Continual Learning. ICLR 2022. 1




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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Continual Self-Supervised Learning

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

* Integrating learning objectives of both past and present.

Current Past (Distillation) Past (w Cross-Consolidation
L(X;g90f)+L(X,X;hofi1,hofi)+ LY ;hof)HLX,Y;hof)

Data Model Feature Spaces Losses Conceptual Loss Space

gtof*

Epast

Oz ~7Dy f@

my ~ M

— L:current

-
/7
) fe

Az ~ Dt _ 7 Accross

<—> Push h* o f *

—o Pull

Zhang et al. Integrating Present and Past in Unsupervised Continual Learning. CoLLAs 2024.




Continual Learning from Video Stream

T'Qg(): 60%04@/7
* Watching the full video once in a lifetime. |

* Event segmentation to define “boundary.”
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Yang and Ren. Memory Storyboard: Leveraging Temporal Segmentation for Streaming Self-Supervised Learning from
Egocentric Videos. ColLLAs 2025.
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Multiple Timescale of Memory in Video Learning

* Micro Chunk: Atomic unit. . D/ﬁ’ﬁ
. Out ]

* Semantic Segment: Most % of md- Merge Labels
relevant chunk for video- " {Long-Term M;n'q;r'y'(nil;,[g&""m """ -
text alignment. Somoie—> 0 00 00000000 BE0 opoes | |22

I:lIZIIZ]IZIEllEIEIIZI 000 OEDED OF Bl L%E

* Event Segment: High-level -_-_-_-_-_-_-_-_-_-_-_-_-_-_-_-_-_-_-_-_-_-_"_-_"-/ﬁzgp"aaf&a;s; """ O
segment for event episodic | Short-Term Memory (Manore) _ 1 CeERENS EE
memory. Temporal Segmentation 5 -

R s

Video Stream
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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.”
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Assoclative Memory

* Memory aims to store content for easy retrieval

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

"Superposition” of k slots
@ 9 Z Z £ f Hebbian learning

73_

-
.
p
train input 1 train input 2 train input 3 train input 4 train input 5

Krotov & Hopfield. Dense Associative Memory for Pattern Recognition. NIPS 2016.
https://ml-jku.github.io/hopfield-layers/
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Assoclative Memory

* Memory aims to store content for easy retrieval

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

"Superposition” of k slots
Hebbian learning

Krotov & Hopfield. Dense Associative Memory for Pattern Recognition. NIPS 2016.
https://ml-jku.github.io/hopfield-layers/



Assoclative Memory

* Memory aims to store content for easy retrieval

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

models 1 N ”Superposition” of k slots

K
E = —5 Z Sq;Wiij, Wij = Zflkff Hebbian learning
k=1

i,J=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) = (.14d.




Relation to Transformers

* General form:

B=- SR ek
T

Ramsauer et al. Hopfield Networks is All You Need. ICLR 2021.
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e General form:
E=-S"F(} ¢s). >
k i

AN
* When F(z) :@t gives the classic HN. ®
VsiE = — Z Wiij

J
S; < Sign(zj Wiij)

Ramsauer et al. Hopfield Networks is All You Need. ICLR 2021.
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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(BSE")E.

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



Relation tw .<'\

* General form: [L]/L:]/\/ I
E=— ;F(; &'si)- Qtored ey >

* When F(z) = 22 it gives the classic HN. ®
* Transformer-like attention operation: Ve b= — Z Wijs;
Ty T J
Z SOftmaX(ﬂXWqu Y )Y;Wv 5 Sign(zj Wijsj)
S  softmax(BSE")E.
1 1
E = —logsumexp(, ETS) +-s's+ 8 tlog N + = M2
[— S L2 2 g

@
Ramsauer et al. Hopfield Networks is All You Need. ICLR 2021. 1 NYU
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Linear Attention as Memory

* Regular softmax attention KT
Attention(Q, K, V') = softmax ( ) V
Vdy

* Problem: need to store a past tokens to compute the softmax.
e Linear attention Q(K'V)
—

&

X

* Store the KV matrix (fast weights).
. write%k Si—1+ K4V, > M xd g

e Read: |0y @@ O@)
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More Update Rules

* Saturation Problem: The memory state continually accumulates
information without bound.

St = S¢—1+ KtV}T

* Pure Linear Attention lacks a mechanism to discard irrelevant
information.

* Fixed Decay (Mamba, RWKV): St = vSi_1 + K,J/;T )
» Data-dependent Decay (GLA): S, = g, ® Sy—1 + K, V,* Fm&gf
* DeltaNet: S, = Si_1 HEK] E, =V, -V,

ANYU




Test-Time Training

* We can also formulate memory update as a form of gradient descent.

W) = 5 10— )1

VWEt(W Wk't — ’Ut k’T

@
Yu et al. Learning to (Learn at Test Time): RNNs with Expressive Hidden States. 1 NYU
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* We can also formulate memory update as a form of gradient descent.
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Yu et al. Learning to (Learn at Test Time): RNNs with Expressive Hidden States.



Test-Time Training

* We can also formulate memory update as a form of gradient descent.
(W) = S Whe — v
Vi le(W) = (Wky —ve)k/
Wi =Wi1 —nVwl(Wi-1)
Wy =Wi1 —n(Wi—1k — ’Ut)kf
Wy = W1 +n(vy — Wt—lkt)k;[
vettanet Wy = Wy_y + nEik;

Yu et al. Learning to (Learn at Test Time): RNNs with Expressive Hidden States.
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Test-Time Training L@ )
Slow (lows

* We can also form a deeper memory using MLP. Linear memory has
the capacity upper bound.

L(W) = 5|1 f (ks W) — g2
e The TTT View on CL: The context window is an online data stream:
D = {(klv Ul)a (k27 U2)7 c ey (kNa UN)}

* The Outer Model is meta-trained to project tokens into highly
orthogonal key vectors to prevent forgetting.
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Summary: Continual Learning

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

* Combination with self-supervised learning

* Integration of memory and representations

* Exploration of multimodal continual learning and planning from
embodied environments. Adapt:
* Changing visual scenes and statistics
* World models, dynamics
* Environment rewards

* Understand real-world structure. Online sequence perspective.
A NYU
|




