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Exam Date Fixed

The exam will take place on

Monday June 2nd, 10:00 — 13:00 h

Rooms will be in HG — details announced toward end of semester.
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Agenda

1. RNNs are Dynamical Systems
2. Overview and Motivation

3. Backprop Through Time

4. LSTM and Friends



A Note on Notations

* For clarity we use the following notation to refer to a vector at
time step t: h;

* In some images you will see h_,~ or h(Y) or variants thereof as
we borrow them from other resources.

 We try to be consistent with our notation, but it's good to get
accustomed to other types of notations to help you understand
external material.



A Note on Gradient Layouts z€Ry€R™ x €R"

Numerator Layout
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Today’s Agenda

1. RNNs are Dynamical Systems



Dynamical System

State at time t depends on function of s;_;.

,/_\\ //"'\\
se=flsen® OO

For m = {1, 2, 3} (finite horizon), the unrolled recurrence is

s3 = f(s52;0) = f(f(s1;0);0)



Non-linear Dynamical Systems Exhibit Chaotic Behavior

Population dynamics (logistic map)

Xep1 = Tx(1— ;)

r is the reproduction rate,
x; € [0, 1] the current population

Chaos Theory: Sensitive dependence on initial conditions.

“When the present determines the future, but the approximate present does
not approximately determine the future.” (E. Lorenz)

Connection to the Mandelbrot set: YouTube



https://youtu.be/ovJcsL7vyrk?si=P1jmikZ49KJodZb3

Dynamical System with Inputs

State at time t additionally depends on inputs

= f(St-1,X¢;0)

Let’s rename state s to hidden state h:

-

/
hy = f(hi_1,%0) ' = L’ ""\ RE-) )

@



Dynamical System with Inputs

Temporal dynamics can be represented in two ways:

* Option1l:h; = g;(X¢—1,...,X1)
* Leads to functions with different input size at each time step.

* Option2:h; = f(h_1,X4;0)
* Same transition function f for all time steps.
 Same parameters 0 for all time steps.
* Allows to learn one model for all time steps.



Sequences: Graphical Model

Temporal dynamics can be represented in two ways:
* Optionl:h; = g;(X¢—1, -v ), X1)

° Opt|0n 2: ht — f(ht—ll Xt; 9) (;(‘)\1_;:‘

-
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Today’s Agenda

2. Overview and Motivation



(Vanilla) Recurrent Neural Network

The state consists of a single “hidden” vector h

13.03.2025

Vi = Whyht

—Sigmoid|

—
-

h, = tanh(Wy,,h,_; + Wy.X,) -

h, = f(h_q, X, W)

[Slides adopted from: Li, Karpathy, Image Source: https://towardsdatascience.com/activation-functions-neural-networks-1cbd9f8d91d6]
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(Vanilla) Recurrent Neural Network

The state consists of a single “hidden” vector h

Vi = Whyht

How to choose the cell?

" h, = f(h_q, X, W)

13.03.2025 [Slides adopted from: Li, Karpathy, Image Source: https://towardsdatascience.com/activation-functions-neural-networks-1cbd9f8d91d6] 15



RNNs — A More Complete Example

() —

Unfold
Who -
Whh / N\

th
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The Unreasonable Effectiveness of RNNs

http://karpathy.github.io/2015/05/21/rnn-effectiveness/

13.03.2025

-

8 e TP + D Lises et e LASBRAS 0+t Waenest W Aese SN 60 BIP FYIRY Detugin
.50 sasmve losss wew bvas s T antiad.iow rarente shvscosy Scemensly

)
Mw-‘mvhnﬂ’kw&‘f“ﬁmu'wum-’w.m
e o 0wk ey B ey ey %3 Gpwer et

W o e e e e le ar Gunped By ke G0 i tateed aeis s e 8

D il Bl e b L e
et ed 48 O PR W 8 Sy et e Page pasaty ¥ 75 Wees e et seie

adwre b 0w I 00 W aond oreg The Anane (00 & it # § casigumens -
ket CHIOOR wih TR 308 Shaet P imy. 1OUSCRAsNTE ey A, e STV i TOOW, 203 P WP Doy, 850
Dhent Conaent SO TH N e SUEeT IR0 VLI A0 R SIS COR R Y I pe

A s e v By A e CIAO0 & 0 ST U Y IV T AR A e

o e o rensirrae
paes Mt L) b e v Ty b s bk oo whee
St P e st eew ru-w--o-nw-mnm\m.m-
s Swven  ULANN, wgr

[Raies a i, v ve . s
xS T W] ORI Y 455 B0 ST T NREE WA LA PGY BTY 1 B Gty
bty 4 e Ve Oy DA DAL g -
S oo (e EAAS00 1 LRS00 ot B vl e st o SAul s e =Rt B8 s v
P s rvvm—e o 39 99 D 47 A Shg T Y e o
e iy S PRy B4 B vt A0 U Y S0 b Zsanan S e v e Vo)
P4 P ¥ AGA Gy O W TS BT s RS B R (9S ¥ Torean pac et nn

J

min-char-rnn.py gist: 112 lines of Python

(https://gist.github.com/karpathy

/d4dee566867f8291f086)

17


http://karpathy.github.io/2015/05/21/rnn-effectiveness/
https://gist.github.com/karpathy/d4dee566867f8291f086
https://gist.github.com/karpathy/d4dee566867f8291f086
https://gist.github.com/karpathy/d4dee566867f8291f086

fi ] tyntd-iafhatawiaoihrdemot 1lytdws e ,tfti, astai f ogoh eoase rrranbyne ‘nhthnee e
at Tirst: plia tklrgd t o idoe ns,smtt h ne etie h,hregtrs nigtike,aoaenns 1lng

i train more

“Tmont thithey" fomesscerliund

Keushey. Thom here
sheulke, anmerenith ol sivh I lalterthend Bleipile shuwy fil on aseterlome

coaniogennc Phe lism thond hon at. MeiDimorotion in ther thize."

i train more

Aftair fall unsuch that the hall for Prince Velzonski's that me of
her hearly, and behs to so arwage fiving were to it beloge, pavu say falling misfort

how, and Gogition is so overelical and ofter.

l train more

"Why do what that day," replied Natasha, and wishing to himself the fact the

princess, Princess Mary was easier, fed in had oftened him.
Pierre aking his soul came to the packs and drove up his father-in-law women.

13.03.2025 [Slides adopted from: Li, Karpathy] 18



For @, . where £,,, = 0, hence we can find a closed subset H in H and
any sets F on X, U is a closed immersion of S, then U — T is a separated algebraic
space.

Proof. Proof of (1). It also start we get
S=8Spec(R)=U xx U xx U

and the comparicoly in the fibre product covering we have to prove the lemma
generated by [[Z x¢y U — V. Consider the maps M along the set of points
Schyppy and U — U is the fibre category of S in U in Section, 7?7 and the fact that
any U affine, see Morphisms, Lemma ?7. Hence we obtain a scheme S and any
open subset W C U in Sh(G) such that Spec(R’) = S is smooth or an

U= UU,' XS, U.‘
which has a nonzero morphism we may assume that f; is of finite presentation over
S. We claim that Oy, is a scheme where x,z’, s” € S’ such that Ox .- — O, .. is

separated. By Algebra, Lemma ?? we can define a map of complexes GLg(z'/S")
and we win. a

To prove study we see that F|y is a covering of X, and T; is an object of Fx /g for
i > 0 and F, exists and let F; be a presheaf of Ox-modules on C as a F-module.
In particular F = U/F we have to show that

M* = I* ®spec(h) Os.s — ix' F)
is a unique morphism of algebraic stacks. Note that

Arrows = (Sch/S)7 . (Sch/S) fppg

and

V =T(S,0) — (U,Spec(A))
is an open subset of X. Thus U is affine. This is a continuous map of X is the
inverse, the groupoid scheme S.

Proof. See discussion of sheaves of sets. O

The result for prove any open covering follows from the less of Example ??. It may
replace S by X, paces ¢tate Which gives an open subspace of X and T equal to Sz,,,
see Descent, Lemma ?7. Namely, by Lemma 7?7 we see that R is geometrically

regular over S.

Lemma 0.1. Assume (3) and (3) by the construction in the description.

Suppose X = lim |X| (by the formal open covering X and a single map Proj, (A) =
Spec(B) over U compatible with the complex

Set(A) =T'(X,0x,04)-

When in this case of to show that Q — Cz;x is stable under the following result
in the second conditions of (1), and (3). This finishes the proof. By Definition 7?7
(uwithout element is when the closed subschemes are catenary. If T' is surjective we
may assume that T is connected with residue fields of S. Moreover there exists a

closed subspace Z C X of X where U in X' is proper (some defining as a closed
subset of the uniqueness it suffices to check the fact that the following theorem

(1) f is locally of finite type. Since S = Spec(R) and Y = Spec(R).

Proof. This is form all sheaves of sheaves on X. But given a scheme U and a
surjective étale morphism U — X. Let UnU =[], . Ui be the scheme X over
S at the schemes X; — X and U = lim; X;.

The following lemma surjective restrocomposes of this implies that F,, = F, =

Lemma 0.2. Let X be a locally Noctherian scheme over S, E = Fx;g. Set I =
Jy CI!. Since I" C I" are nonzero over i < p is a subset of J, o © Ay works.

Lemma 0.3. In Situation 7?. Hence we may assume q' = 0.

Proof. We will use the property we see that p is the mext functor (??). On the
other hand, by Lemma ?7 we see that

D(Ox) = Ox(D)

where K is an F-algebra where §,,., is a scheme over S. O

13.03.2025

[Slides adopted from: Li, Karpathy]
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Proof. Omitted. O

Lemma 0.1. Let C be a set of the construction.
Let C be a gerber covering. Let F be a quasi-coherent sheaves of O-modules. We
have to show that
Ooy = 0x(L)

Proof. This is an algebraic space with the composition of sheaves F on X0, we
have

Ox(F) = {morphy xox (G.F)}
where G defines an isomorphism F — F of O-modules. O

Lemma 0.2. This is an integer Z is injective.
Proof. See Spaces, Lemma ?7?. 0

Lemma 0.3. Let S be a scheme. Let X be a scheme and X is an affine open
covering. Let U C X be a canonical and locally of finite type. Let X be a scheme.
Let X be a scheme which is equal to the formal complex.

The following to the construction of the lemma follows.
Let X be a scheme. Let X be a scheme covering. Let

b: X=2Y' a2Y3Y Y xxY o X,
be a morphism of algebraic spaces over S and Y.

Proof. Let X be a nonzero scheme of X. Let X be an algebraic space. Let F be a
quasi-coherent sheaf of Ox-modules. The following are equivalent

(1) F is an algebraic space over S.
(2) If X is an affine open covering.

Consider a common structure on X and X the functor Ox(U) which is locally of
finite type. O

This since F € F and x € G the diagram
S

|

{—Ox-

| S

gor

=0 —a X

l

Spec(Ky) Morses  d(Oxy,,.6)

is a limit. Then @ is a finite type and assume S is a flat and F and G is a finite
type f.. This is of finite type diagrams, and
e the composition of G is a regular sequence,
e Oy is a sheaf of rings.
0

Proof. We have see that X = Spec(R) and F is a finite type representable by
algebraic space. The property F is a finite morphism of algebraic stacks. Then the
cohomology of X is an open neighbourhood of U. O

Proof. This is clear that G is a finite presentation, see Lemmas 77,
A reduced above we conclude that U is an open covering of C. The functor F is a
“field

Ox: = Fr -1(Ox,,,.) — Ox! ox;(of{',,)
is an isomorphism of covering of Oy,. If F is the unique element of F such that X
is an isomorphism.
The property F is a disjoint union of Proposition ??7 and we can filtered set of
presentations of a scheme Qy-algebra with F are opens of finite type over S.
If F is a scheme theoretic image points. 8]

If F is a finite direct sum Ox, is a closed immersion, see Lemma ??7. This is a
sequence of F is a similar morphism.

13.03.2025

[Slides adopted from: Li, Karpathy]
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Recurrent Networks offer a lot of flexibility

one to one

N

Vanilla Neural Networks

[Slides adopted from: Li, Karpathy]



Recurrent Networks offer a lot of flexibility

one to one one to many
! ol
! f

\ e.g. Image Captioning
image -> sequence of words

13.03.2025 [Slides adopted from: Li, Karpathy]
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Recurrent Networks offer a lot of flexibility

one to one one to many many to one
! Pt 1 i
f ! Ll

\ e.g. Sentiment Classification
sequence of words -> sentiment

13.03.2025 [Slides adopted from: Li, Karpathy]
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Recurrent Networks offer a lot of flexibility

one to one one to many many to one many to many
! ik ! Pttt
! ! L] Pt

\ e.g. Machine Translation
seq of words -> seq of words

13.03.2025 [Slides adopted from: Li, Karpathy]
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Recurrent Networks offer a lot of flexibility

one to one one to many many to one many to many many to many
! [T ! [ Pt
! ! B Pt [l

e.g. Video classification on frame level

13.03.2025 [Slides adopted from: Li, Karpathy] 75



Sequence-To-Sequence Models

13.03.2025
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Sequence-To-Sequence Models
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Sequence-To-Sequence Models
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Encoder

Decoder

b

[Martinez et al., On Human Motion Prediction Using Recurrent Neural Networks, CVPR 2017]

Encoded
State

LA AR
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Example: Interacting with Soli

13.03.2025

‘ ‘ Conv

o ‘ ‘ Conv

- ‘ ‘ Conv

" LSTM

FC

Xewyos

" LSTM

FC

Xew)os

" LSTM

FC

Xew)0s
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Human Pose Estimation

13.03.2025

Motion
Discriminator

Dy

[Kocabas et al. VIBE: Video Inference for Human Body Pose and Shape Estimation, CVPR 2020]

Fake or real?

@,
L oP (98

7\
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Today’s Agenda

3. Backprop Through Time



Backprop Through Time (BPTT)
h, = f(he_g, x; W)

)A’t:Whyht

Le = 19 — yell? Ley L Ly

oL ~o oL e : ﬂ = H

ow = Liow e
t=1

Intuition: treat unrolled recurrent model as multi-layer network
(with unbounded number of layers) and perform backprop



Exploding and Vanishing Gradients - Intuition
ht — Wht—l = ht — Wthl

if W is diagonalizable
W =Q-diagd) - Q" = QAQ", QQ' =1

then
h, = (QAQ")*h; = (QA'Q)hy

 Related to power method. h; ends up being the dominant eigenvector of W.
* l.e., any component of h;that does not align with the dominant eigenvector is irrelevant.
* |t turns out that gradients in the BPTT are also scaled with A°.



Backprop Through Time (BPTT)

Widely used parameterization:

h, = f(h_y,x;; W) = tanh(Wyhe_y + Wipx: +b)

Vi = Whyht
L, = ||y; — yt||2

13.03.2025

Bengio et al, “Learning long-term dependencies with
gradient descent is difficult”, IEEE Transactions on
Neural Networks, 1994

Pascanu et al, “On the difficulty of training recurrent
neural networks”, ICML 2013

35




Backprop Through Time (BPTT)

Equivalent parameterization used for convenience:

hy = Wy f(heoy) + Wypxe +b Li_1
Ve = Whyhy I

L, = ||y, — yt||2

Bengio et al, “Learning long-term dependencies with
gradient descent is difficult”, IEEE Transactions on
Neural Networks, 1994

Pascanu et al, “On the difficulty of training recurrent
neural networks”, ICML 2013

Lita

\ 4

oL _ - aLt Xt-1
oW  Luow

t=1

obe _ 5
ow =

13.03.2025

v

Xt+1

36




Bengio et al, “Learning long-term dependencies with
gradient descent is difficult”, IEEE Transactions on

Backprop Through Time (BPTT)

neural networks”, ICML 2013

hy = Wyf(heoy) + WX + b

Ve = Whyht Leq Le Liyq

Le = 19 = eIl [ I I

dL,  dL; 0y, dh,

oW ~ 99, oh, oW [ [ [

5h Xt-1 Xt Xt+1

a_w; = 7 h; depends on I/ directly, but it also depends on h;_; which again

depends on W... How do we deal with this?

We just apply to chain rule to quantify the immediate effect of W and
the effect through the recurrence.



Backprop Through Time (BPTT)

hy = Wyf(heoy) + WX + b

Vi = Whyht
L, = |9, — yt||2
oh,

oh, dh, dp

_I_ =

Bengio et al, “Learning long-term dependencies with
gradient descent is difficult”, IEEE Transactions on
Neural Networks, 1994

Pascanu et al, “On the difficulty of training recurrent
neural networks”, ICML 2013

df (x(t),y(t)) 0f dx N df dy
dt - Oxdt odydt

0 0
e = = b (W, B () = = by (p(W), By (W)

oh, oh,_, [0*h; | oh, oh,,

oW~ dpow " om,_, aw |ow | |oh,_, aw

/ L— This is the identity,

p(W) = W, so we take

p is the identity function
(syntactic sugar).

Effect due to h;_; depending on W

- it vanishes.
the derivative w.rt. W and
keep everything else 07 is called the immediate derivative because it looks
constant! at the immediate effect that W has on the hidden

13.03.2025 state, disregarding the effect caused by the recursion. 38




Backprop Through Time (BPTT)

hy = Wyf(heoy) + WX + b

Vi = Whyht
L, = |9, — yt||2
oh,

oW oW

0 h, (W, h,_, (ht_z(... hl(W))))

oh, 9*h,

oh, 9*h,

Bengio et al, “Learning long-term dependencies with
gradient descent is difficult”, IEEE Transactions on
Neural Networks, 1994

Pascanu et al, “On the difficulty of training recurrent
neural networks”, ICML 2013

For simplicity let’s just look at 3
time steps until ¢ — 3.

oh, _9*h, 0h [[0*h,_y Oh.,0h., ohe_s

ow ~ ow ' oh._,| aw ' oh,_, oW oW
. _oh, 'a+ht_1+aht_1 a+ht_2+aht_2 oh,_-

ow ow  oh,_,| ow  oh,,|| ow  dh,_, oW

13.03.2025
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Backprop Through Time (BPTT)

h, = Wy f(he_) + WX, +b
Vi = Whyht

Bengio et al, “Learning long-term dependencies with
gradient descent is difficult”, IEEE Transactions on
Neural Networks, 1994

Pascanu et al, “On the difficulty of training recurrent
neural networks”, ICML 2013

L, = |[¥; _yt”Z

oh, 9

7 = 7y e (W), ey (W), by, (W), ..., hy (W)

oh, 9*h, , Oh dth,_, L O, 0th,_, , Ohey b, 0h,

ow~ ow  dh,,| ow ' oh,, oW  dh,_,0h, 5 W
aht_0+ht+ oh, 6‘+ht_1+ oh, aht_16+ht_2+ oh, oh,_,oh,_,dh, ;
ow ~— ow '|dh,_, ow ' |oh,_,dh,_, oW ' 0h,_,dh,_,dh, 5 W
oh. _0*h, | oh, |9*hey | Ohe 0*h., | Oh, Ohog_ _ ~ 9h, 0*h,
ow ow |oh,_, oW  |0h,_,| oW  oh,_, oW _k_lahk ow



Bengio et al, “Learning long-term dependencies with
gradient descent is difficult”, IEEE Transactions on

Backprop Through Time (BPTT)

neural networks”, ICML 2013

hy = Wyf(heoy) + WX + b

Vi = Whyht
L, = |[¥; _yt”Z
oh 0
7 = 7y e (W), ey (W), by, (W), ..., hy (W)

t
aht_6+ht+ oh, a+ht_1+ oh, 6+ht_2+ oh, oh,_;  ~C 0h,0%hy
ow ow  oh,_, oW  oh,_, ow  oh,_, oW _k_lahk ow

dL; _ dL; 0y, dh, _ dL; 0y, oh; 07h, _ 0Ly 09, dh; 07 hy Gradient for

dW ~ 39, oh, W ~ 39, dh, £Lioh, W 09, Oh,Ohy W loss at time t

k



Bengio et al, “Learning long-term dependencies with
gradient descent is difficult”, IEEE Transactions on

Backprop Through Time (BPTT)

neural networks”, ICML 2013

h, = Wy f(he_) + WX, +b
Vi = Whyht

Lt—l Lt Lt+1
— s 2 OL¢—y dL, 0L¢11
Le = |9 — yll u oh,_, H oh, H ET
L +
aht aht a hk — — — —
—_— = ohy_, dh, ohgyq ohe,,
ow £ cdh, W oh,_, I oh,_; [ oh, [ ohy,,
t t—k +
aht aht+1_l’ a hk Xt—1 Xt Xt+1
oW l [ oh,_, || ow
k=1 \ i=1

L. 0L, 09, 0h, dL. 89, <~ dh, dTh, ~O|dL, 89| dh, 9 hy

AW ~— 09, oh, oW ~ 49, dh, Lioh, W = £i09; Oh.oh, W

13.03.2025 42



Bengio et al, “Learning long-term dependencies with
gradient descent is difficult”’, IEEE Transac tions on

Vanishing / Exploding Gradient (BPTT) | o s e

L, ~ 0L 89, 0h, d*h,
oW — 09, 0h, Ohy oW

k
oh, T-70h I
t t+1—1i : !
m B =1 aht—il B 1_1[ Whhdlag[f (hHl_i)]
[= L=

That’s a lot of multiplications if
k « t! This leads to the scaling

issue with (diag(l))t_k.



t—k -
ah ah + _i . /
Proof o= | [ an =] [ Wandiaglr (heiso)

i=1 i=1

Let A, be the largest singular value of Wp,;
and f (h;_;) is bounded,
such that ||diag(f'(h;_{)|l <y, wherey € R.

Case 1: It is sufficient for 4; < - v > for gradients to vanish

1
H |Wi;rh“ ”diag[f,(hi—l)] | < ; y<l1 [here ||-|| is the spectral norm]

ahl_

Let n € R be such that Vv, <n <l.

i—1

By induction over i:

rk /:—-'
oh; 1 -

< ‘/
oh¢_; ™

=1




Proof (continued) = | on ﬂwhhdlagﬂhm )1

A4 is largest singular value of Wp,;,; ||diag(f'(hey1-;))Il <y, wherey € R.

Case 2: inverted case 1

Therefore:

1 . . . .
If A, < ;then long-term components will vanish as t = oo (sufficient condition)

1 . .
If A > ;then long-term components will explode as t = oo (necessary condition)



Why Do We Care?

6Lt Zt:aLt 39, dh, P+h,,
.39, oh, oh, | oW

L, oh L
N tSnt_k&
oh, dh, oh,

0

* The error signals are scaled by nt~*, which approaches 0 if t > k.
* Thus, long-term contributions vanish.
* Vanilla RNNs are too sensitive to recent distractions. [Hochreiter et al. 1997



Truncated BPTT

Simple solution: Just don’t multiply that often, i.e., truncate the
gradients after k steps.

IL, i L, 39, oh, 9*h,
oW 09, oh, oh,, oW

k=t—k



Gradient Clipping for Exploding Gradients

Algorithm 1 Pseudo-code for norm clipping the gra-

13.03.2025

NE==

dients whenever they explode

g < 39
if ||g|| > threshold then
g — threshold 4

&l 8
end if

[Pascanu et al. 2013]

Without clipping

J(w,b)

b

With clipping

NE==

[Goodfellow et al. 2016]

J(w,b)

48



Today’s Agenda

4. LSTM and Friends



Intuition

e We want to have constant error flow.

* So, let’s create connections through time that will avoid
exploding/vanishing gradients.

e Leaky Unit to access past information more directly.
h; =ah,_; + (1 —a)h’;
¢ = tanh(Wpph,_y + Wy x;)
* The LSTM cell takes this idea further:
* It keeps a separate memory cell (state).
* Access to which is carefully protected through gates.
* In contrast to leaky units, it can forget.
* All of this is learned.




LSTM [Hochreiter et al. 1997]

Input Gate: Which values to update (write)
Forget Gate: What to forget (reset)
Output Gate: Which values to output (read)

Gate: Candidate values to write to state

sigm

_ | sigm W( X )
sigm h, 4

tanh

R QO Fh e

Ct:fQCt_1+i®g
h; = o ©® tanh ¢;

13.03.2025




LSTM [Hochreiter et al. 1997]

Input Gate: Which values to update (write)
Forget Gate: What to forget (reset)

Output Gate: Which values to output (read)

Gate: Candidate values to write to state C
] sigm \ T ,
f | | sigm W ( Xy ) f, €(0,1)
o S121m h;_, Forget Gate

\ g/ \ tanh

0

Ct:fQCt_1+i®g

h; = o ©® tanh ¢;
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LSTM [Hochreiter et al. 1997]

I

Input Gate: Which values to update (write) Input Gate
Forget Gate: What to forget (reset) i € (0,

Output Gate: Which values to output (read)

Gate: Candidate values to write to state C

[

i
f
(0
g

\ [ sigm \‘ T £, € (0,1)"

_ | sigm W( X )
s1gm h; 4 Forget Gate

tanh

Ct:fQCt_1+i®g

h; = o ©® tanh ¢;
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LSTM [Hochreiter et al. 1997]

he( 1 X
Input Gate: Which values to update (write) Input Gate
Forget Gate: What to forget (reset) i € (0,
Output Gate: Which values to output (read)
X ] v
Gate: Candidate values to write to state t — C

h, —

i sigm n
(f\_(sigm)w‘< Xy ) T fr €0, 1)
o) sigm | P Forget Gate

\g/ \tanh/l

Ct:fQCt_1+i®g

h; = o ® tanh ¢,
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LSTM [Hochreiter et al. 1997]

Input Gate: Which values to update (write)
Forget Gate: What to forget (reset)
Output Gate: Which values to output (read)

Gate: Candidate values to write to state

I

sigm

_ | sigm W( X )
sigm h, 4

tanh

R QO Fh e

Ct:fQCt_1+i®g
h; = o ® tanh ¢,
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LSTM [Hochreiter et al. 1997]

Input Gate: Which values to update (write)
Forget Gate: What to forget (reset)
Output Gate: Which values to output (read)

Gate: Candidate values to write to state

sigm

_ | sigm W( X )
sigm h, 4

tanh

R QO Fh e

Ct:fQCt_1—|_i®g
h; = o ® tanh ¢,
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LSTM [Hochreiter et al. 1997]

h;1 X hi X
Input Gate: Which values to update (write) | [/ ,,,,,, Input Gate Output Gate |/ ,,,,,,
Forget Gate: What to forget (reset) ir € (0, )" o; € (0, 1)~

Output Gate: Which values to output (read)

X i ,
Gate: Candidate values to write to state t L - >()—— C
h, . — i .
t-1 | it O 8¢
Ct—1

i sigm fr O ctq
O sigm hey J ([ Forget Gate
N3 CarTT )

Ct:fQCt_1—|_i®g

h; = o ® tanh ¢,
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LSTM [Hochreiter et al. 1997]

he( 1 X hi 1 x
Input Gate: Which values to update (write) | [/ / Input Gate Output Gate [/
Forget Gate: What to forget (reset) ir € (0, )" o; € (0, 1)~
Output Gate: Which values to output (read)
X E— v Y
Gate: Candidate values to write to state N . - > )—— c — -/ »(X) > h,
ht—l - 3 it @ 8t 3 O Q tanh C
Ct—1
i sigm fr O ctq
f . Slgm W ( Xt ) : ft € (0, 1)71
o sigm he_, [t Forget Gate
g tanh
c,=f0Oc, 1 +i0g
h; = o ® tanh ¢, ey X
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RNN:
h[l—l]
hi[;”—tanh(Wm( t[” ) Tttt 1ttt 1
hi, —st —» M M
heR" Wl [n x 2n]
LSTM: Wil Layer: [
i sigm
f _ S?gm W[l] (
o sigm
g tanh
=focd, +ie
t t—1 g 5
h! = 0 ® tanhc!’ ko) o
>
time

59
[Slides adopted from: Li, Karpathy]



LSTM: Another Block Diagram

vector from

below (x)
X sigmoid | —> | i
>
h sigmoid | — | f
W i sigm
vector from sigmoid |[—» |0 £ | _ [ siem | pw( B "
before (h) o sigm by,
g tanh
tanh |—> | g
[1] 1] .
c, =f0Oc, | +10g
4m X 2n 4m 4m 0 "
h;” = o ® tanhc;
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LSTM: Another Block Diagram

cell
state c
4@ >
i sigm l
. ~1
f _ | sism | oo h£ ]
o sigm hg]_ ,
g tanh
f

o/ +foc, tiog
h][tl] = 0 ® tanh cgl]

[Slides adopted from: Li, Karpathy]



LSTM: Another Block Diagram

cell
state c

4@

R O Hh e

sigm

) [1—1]
sigm h

— . w t[l]
sigm h)!,

tanh

o =foc, fiog
hy] = 0 ® tanh cgl]

[Slides adopted from: Li, Karpathy]



LSTM: Another Block Diagram

cell
state c
4@ ) g
C
f sigm hi'~!
o | = | sgm |™" ( Ll )
t—1
| g tanh
f | gl |o
h cf =foc +iog
> h][tl] = 0 ® tanh cgl]
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LSTM: Another Block Diagram

cell
state c

4@

A

higher layer, or
prediction

>

C

R O Hh e

sigm
sigm
sigm
tanh

i =focl, +iog

hy] = 0 ® tanh cgl]

[Slides adopted from: Li, Karpathy]



cell
state c

one timestep

one timestep

vVVvyVYyyvyYyYy

~

+ J X + J
-
fl — /g? fl /g?
| g l g
—>a > | > 4 ° | >
h
X X
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state

RNN > f > i >
LSTM *) ) D
(ignoring

forget gates) :
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[Slides adopted from: Li, Karpathy]



[An Empirical Exploration of

LST M A n d F ri e n d S Recurrent Network Architectures,

Jozefowicz et al., 2015]

MUTI:
[LSTM: A Search Space Odyssey,
2z = sigm(Wgox, +b;)
Greff et al., 2015] r = Sigul(“’xrrl + “—hrht 5 bl’)
hiy1 = tanh(Wiyn(r © hy) + tanh(x,) + by,) © 2
+ h( o (l = :)
GRU [Learning phrase representations MUT2:
using rnn encoder-decoder for statistical y = sigm(Wazs + Wishe +b,)
machine translation, Cho et al. 2014] . si:m(r, + Wishe +5,)
he+1 = tanh(Whn(r © he) + Wenze + bn) © 2
+ hg . (l = :)
re = sigm(Wieze + Whehi—1 + b;)
MUTS3:
A = siem(W,., x Vi, h
“t sigm(Wy,z¢ + Whhe—1 + b,) s = sigm(Weezs + Wia tanh(he) + b,)
hy = tanh(Wynxy + Whn(r: © he—1) + by) ro= sigm(Way + Wich: +b)
o hipyy = tanh(Wyn(r @ b)) + Wopax + b)) © 2
’Lt = z+©® hrf_l + (1 — Zt) ® ht + ho(1-2)
13.03.2025 67
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Summary

1. We often encounter sequential data of variable length in ML
tasks.

2. RNNs are dynamical systems.

3. Backprop through time is treating unrolled RNN as a multi-layer
network.

4. Vanilla RNNs suffer from exploding or vanishing gradients.

5. LSTM and friends or gradient clipping are coping mechanisms to
stabilize training of RNNs.



Outlook

Week 5: VAEs (Marcel Bihler)

Week 6: Autoregressive Models (Marcel Bihler)

Week 7: GANs (Hsuan-I Ho)

Week 8: Normalizing Flow, Invertible NNs (Marcel Buhler)

Week 9: Diffusion Models, Foundation Models (Manuel Kaufmann)
Week 10: Easter Break

Week 11: Open Day in our Volumetric Capture Lab Facility (30.04.)
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