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Time Series Forecasting : Problem Setup
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Time Series Forecasting : Problem Setup
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Time Series Forecasting : Problem Setup
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Time Series Forecasting : Problem Setup

L H

D channels

Inputs : X ∈ ℝD×L Outputs :  ,                                     Y ∈ ℝD×Hf
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Multivariate 
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Failure of Transformers in Time Series Forecasting

1. Are Transformers Effective for Time Series Forecasting ? Zeng et al. 2023. 

Main conclusions from Are Transformers Effective for Time Series Forecasting* ? 
1. Transformer-based methods don’t work well in forecasting
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Failure of Transformers in Time Series Forecasting

vs.

1. Are Transformers Effective for Time Series Forecasting ? Zeng et al. 2023. 

Main conclusions from Are Transformers Effective for Time Series Forecasting* ? 
1. Transformer-based methods don’t work well in forecasting 
2. A simple Linear Model surpasses all of them in long-term forecasting
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Ŷ
=

X
W

+
⇠
(X

,W
,�

,�
) ,

(1
1)

w
he

re
⇠
(X

,W
,�

,�
)
2

R
K

⇥
H

w
ith

en
try

⇣ µ̂
[X

k
]�

�
k

�
k

p
�̂
2
[X

k
]+

"

⌘⇣
1
�

P
L j=

1
W

jt

⌘
in

th
e
k

-th
ro

w
an

d
t
-th

co
lu

m
n.

Th
e

pr
oo

fi
sd

ef
er

re
d

to
A

pp
en

di
x

E.
5.

W
ith

th
is

fo
rm

ul
at

io
n,

th
e

pr
ed

ic
te

d
se

qu
en

ce
ca

n
be

se
en

as
a

su
m

of
a

lin
ea

rt
er

m
X
W

an
d

a
re

si
du

al
te

rm
⇠
(X

,W
,�

,�
)

th
at

ta
ke

s
in

to
ac

co
un

tt
he

fir
st

an
d

se
co

nd
m

om
en

ts
of

ea
ch

va
ria

bl
e
X

k
,w

hi
ch

is
re

m
in

is
ce

nt
of

th
e

lin
ea

rr
eg

re
ss

io
n

m
od

el
.

D
.2

.S
ha

rp
ne

ss
-a

w
ar

e
m

in
im

iz
at

io
n

(S
A

M
)

R
eg

ul
ar

iz
in

g
w

ith
th

e
sh

ar
pn

es
s.

St
an

da
rd

ap
pr

oa
ch

es
co

ns
id

er
a

pa
ra

m
et

ric
fa

m
ily

of
m

od
el

s
f
!

an
d

ai
m

to
fin

d
pa

-
ra

m
et

er
s!

th
at

m
in

im
iz

e
a

tra
in

in
g

ob
je

ct
iv

e
L
tr
a
in
(!

),
us

ed
as

a
tra

ct
ab

le
pr

ox
y

to
th

e
tru

e
ge

ne
ra

liz
at

io
n

er
ro

rL
te
st
(!

).
M

os
td

ee
p

le
ar

ni
ng

pi
pe

lin
es

re
ly

on
fir

st
-o

rd
er

op
tim

iz
er

s,
e.

g.
SG

D
(N

es
te

ro
v,

19
83

)
or

A
da

m
(K

in
gm

a
&

B
a,

20
15

),
th

at
di

sr
eg

ar
d

hi
gh

er
-o

rd
er

in
fo

rm
at

io
n

su
ch

as
th

e
cu

rv
at

ur
e,

de
sp

ite
its

co
nn

ec
tio

n
to

ge
ne

ra
liz

at
io

n
(D

zi
ug

ai
te

&
R

oy
,

20
17

;C
ha

ud
ha

ri
et

al
.,

20
17

;K
es

ka
r

et
al

.,
20

17
).

A
s
L
tr
a
in

is
us

ua
lly

no
n-

co
nv

ex
in

!
,w

ith
m

ul
tip

le
lo

ca
lo

r
gl

ob
al

m
in

im
a,

so
lv

in
g
m
in

!
L
tr
a
in
(!

)
m

ay
st

ill
le

ad
to

hi
gh

ge
ne

ra
liz

at
io

n
er

ro
r
L
te
st
(!

).
To

al
le

vi
at

e
th

is
is

su
e,

Fo
re

te
ta

l.
(2

02
1)

pr
op

os
e

to
re

gu
la

riz
e

th
e

tra
in

in
g

ob
je

ct
iv

e
w

ith
th

e
sh

ar
pn

es
s,

de
fin

ed
as

fo
llo

w
s

D
efi

ni
tio

n
D

.2
(S

ha
rp

ne
ss

,F
or

et
et

al
.(

20
21

))
.

Fo
r

a
gi

ve
n
⇢
�

0,
th

e
sh

ar
pn

es
s

of
L
tr
a
in

at
!

w
ri

te
s

s
(!

,
⇢
)
: =

m
ax

k✏
k 2


⇢
L
tr
a
in
(!

+
✏)

�
L
tr
a
in
(!

).
(1

2)

R
em

ar
k

D
.1

(I
nt

er
pr

et
at

io
n

of
⇢

).
In

st
ea

d
of

si
m

pl
y

m
in

im
iz

in
g

th
e

tr
ai

ni
ng

ob
je

ct
iv

e
L
tr
a
in

,S
AM

se
ar

ch
es

fo
rp

ar
am

et
er

s
!

ac
hi

ev
in

g
bo

th
lo

w
tr

ai
ni

ng
lo

ss
an

d
lo

w
cu

rv
at

ur
e

in
a

ba
ll
B(

!
,
⇢
).

Th
e

hy
pe

rp
ar

am
et

er
⇢
�

0
co

rr
es

po
nd

s
to

th
e

si
ze

of
th

e
ne

ig
hb

or
ho

od
on

w
hi

ch
th

e
pa

ra
m

et
er

s
se

ar
ch

is
do

ne
.

In
pa

rt
ic

ul
ar

,t
ak

in
g
⇢
=

0
is

eq
ui

va
le

nt
to

th
e

us
ua

l
m

in
im

iz
at

io
n

of
L
tr
a
in

.

In
pa

rti
cu

la
r,

SA
M

in
co

rp
or

at
es

sh
ar

pn
es

s
in

th
e

le
ar

ni
ng

ob
je

ct
iv

e,
re

su
lti

ng
in

th
e

pr
ob

le
m

of
m

in
im

iz
in

g
w

.r.
t!

L
SA

M
tr
a
in
(!

)
: =

m
ax

k✏
k 2


⇢
L
tr
a
in
(!

+
✏)

|
{z

}
=
L

t
r
a
in
(!

)+
s
(!

,⇢
)

.
(1

3)

G
ra

di
en

tu
pd

at
es

.
A

s
th

e
ex

ac
ts

ol
ut

io
n

to
th

e
in

ne
rm

ax
im

iz
at

io
n

in
Eq

.(
13

)i
s

ha
rd

to
co

m
pu

te
,t

he
au

th
or

s
of

(F
or

et
et

al
.,

20
21

)a
pp

ro
xi

m
at

e
it

w
ith

th
e

fo
llo

w
in

g
fir

st
-o

rd
er

Ta
yl

or
ex

pa
ns

io
n

✏⇤
(!

)
: =

ar
g
m
ax

k✏
k 2


⇢
L
tr
a
in
(!

+
✏)

⇡
ar
g
m
ax

k✏
k 2


⇢
L
tr
a
in
(!

)
+

✏>
r
L
tr
a
in
(!

)

=
ar
g
m
ax

k✏
k 2


⇢
✏>

r
L
tr
a
in
(!

)
,

(1
4)

w
he

re
th

e
so

lu
tio

n
of

(1
4)

w
rit

es
✏̂(
!
)
=

⇢
r
L

t
r
a
in
(!

)
kr

L
t
r
a
in
(!

)k
2

.I
tl

ea
ds

to
th

e
fo

llo
w

in
g

gr
ad

ie
nt

up
da

te

!
t+

1
=

!
t
�

⌘
r
L
tr
a
in

✓
!

t
+

⇢
r
L
tr
a
in
(!

)

kr
L
tr
a
in
(!

)k
2

◆
,

26

Linear

Transformers



10

Failure of Transformers in Time Series Forecasting

vs.

1. Are Transformers Effective for Time Series Forecasting ? Zeng et al. 2023. 

Yet Transformers dominate in NLP and vision… Why? 
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Ŷ
ca

n
be

w
rit

te
n

in
a

m
or

e
co

m
pa

ct
an

d
co

nv
en

ie
nt

m
at

rix
fo

rm
ul

at
io

n
as

fo
llo

w
s

Ŷ
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Linear

Transformers

Main conclusions from Are Transformers Effective for Time Series Forecasting* ? 
1. Transformer-based methods don’t work well in forecasting 
2. A simple Linear Model surpasses all of them in long-term forecasting



11

Failure of Transformers : A simple forecasting example
Context :  

- Consider a simple forecasting problem                                

with L=512, H=96 and D=7  

Y = XWtoy + ϵ
Transformer



Why channel-wise attention ? :  
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Failure of Transformers : A simple forecasting example
Context :  

- Consider a simple forecasting problem                                

with L=512, H=96 and D=7  

Y = XWtoy + ϵ

f(X) = [X + attention(X)]W
D × L L × HD × L

attention(X) = A(X)XWVWO

A(X) ∈ ℝD×D

Transformer
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Failure of Transformers : A simple forecasting example
Conclusions :  

1. Our Transformer severely overfits… 

2. … and works better if we freeze the attention… 

3. … because the attention get stuck in a bad local 

minimum and does not move afterwards 
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Failure of Transformers : A simple forecasting example
Conclusions :  

1. Our Transformer severely overfits… 

2. … and works better if we freeze the attention… 

3. … because the attention get stuck in a bad local 

minimum and does not move afterwards 

Pathological behavior suggesting sharp local minima 
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Failure of Transformers : A simple forecasting example
Why transformers fail? 

1. Transformers have a sharp loss landscape 
High sharpness

Trainable attention mechanism

Frozen attention mechanism
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Failure of Transformers : A simple forecasting example
Why transformers fail? 

1. Transformers have a sharp loss landscape 

2. And no change in the optimizer helps to solve this 

High sharpness
Trainable attention mechanism

Frozen attention mechanism
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Failure of Transformers : A simple forecasting example
Why transformers fail? 

1. Transformers have a sharp loss landscape 

2. And no change in the optimizer helps to solve this 

3. Well-known in NLP and vision (Chen et al., 2022, Zhai et al. 2023), ignored in TS Forecasting 

High sharpness
Trainable attention mechanism

Frozen attention mechanism
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Failure of Transformers : Solution

ℒSAM
train (ω) = max

∥ϵ∥<ρ
ℒtrain(ω + ϵ)

Sharpness - Aware Minimization (Foret et al. 2021, Chen et al. 2022)  
               - Smooths the loss landscape => flatter, more generalizable local minima
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Failure of Transformers : Solution

ℒSAM
train (ω) = max

∥ϵ∥<ρ
ℒtrain(ω + ϵ)

Sharpness - Aware Minimization (Foret et al. 2021, Chen et al. 2022)  
               - Smooths the loss landscape => flatter, more generalizable local minima
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Failure of Transformers : Solution

Sharpness - Aware Minimization (Foret et al. 2021, Chen et al. 2022)  
               - Smooths the loss landscape => flatter, more generalizable local minima

ℒSAM
train (ω) = max

∥ϵ∥<ρ
ℒtrain(ω + ϵ)

SAM  =  Desired Solution
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Congrats, you now know how to solve  

a linear forecasting problem with transformers! 

Y = XW + ε
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SAMformer (Ilbert et al. , ICML 2024) 

A transformer-based Time Series Forecaster that actually works



24

SAMformer :  Architecture

We can now design a simple model: 

1. RevIN layer to be robust to train/test time shift 

2. Shallow transformer with a channel-wise attention 

3. We optimize it with SAM 



SAMformer is better than all transformer-based models… 

25

SAMformer : Experimental results

iTrans* PatchTST FED* TSMixer Auto* Pyra* LogTrans In*

Improvement 3.94% 11.13% 12.36% 14.33% 22.65% 61.88% 70.88% 72.20%
* formers



SAMformer is better than all transformer-based models… 
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SAMformer : Experimental results

iTrans* PatchTST FED* TSMixer Auto* Pyra* LogTrans In*

Improvement 3.94% 11.13% 12.36% 14.33% 22.65% 61.88% 70.88% 72.20%
* formers

… and the best mixer-based model … 

TSMixer 

Improvement 14.33%



SAMformer is better than all transformer-based models… 
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SAMformer : Experimental results

iTrans* PatchTST FED* TSMixer Auto* Pyra* LogTrans In*

Improvement 3.94% 11.13% 12.36% 14.33% 22.65% 61.88% 70.88% 72.20%
* formers

… and the best mixer-based model … 

TSMixer 

Improvement 14.33%

… while being much more simpler 



28

SAMformer : Experimental results
SAMformer is robust to random initialization … 
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SAMformer : Experimental results
SAMformer is robust to random initialization … 

… and on par with the Foundation Model MOIRAI 
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SAMformer : Experimental results
SAMformer is robust to random initialization … 

… and on par with the Foundation Model MOIRAI with many fewer parameters 

Model # of parameters

14M

91M

311M

280K

MOIRAIsmall

MOIRAIbase

MOIRAIlarge

SAMformer
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SAM vs  : Comparisonσ − Reparametrization

 (Zhen et al. 2023)  
- smoothes the attention matrix with attention weights reparametrization 

σ − Reparametrization

Ŵ =
γ

∥W∥2
W
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SAM vs  : Comparisonσ − Reparametrization

 (Zhen et al. 2023)  
- smoothes the attention matrix with attention weights reparametrization 

- proved to be efficient in NLP … but does not work for TS Forecasting

σ − Reparametrization

Observations: 
- Transformers ignore diagonal elements 
-  over-smoothes the attention matrixσ − Reparametrization

Ŵ =
γ
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Rank Collapse 
= 

Uninformative  
Channel-Wise Attention
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SAM vs  : Comparisonσ − Reparametrization

 (Zhen et al. 2023)  
- smoothes the attention matrix with attention weights reparametrization 

- proved to be efficient in NLP … but does not work for TS Forecasting

σ − Reparametrization

Ŵ =
γ

∥W∥2
W

Observations: 
- Transformers ignore diagonal elements 
-  over-smoothes the attention matrix 
- SAMformer encourages feature self-correlation

σ − Reparametrization

Rank Collapse 
= 

Uninformative  
Channel-Wise Attention
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SAMformer : Ablation Studies 

Ablation study on channel-wise attention and identity weight matrix attention ? 

        - Candidate 1: SAMformer with temporal attention (as used in all other transformers)  
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SAMformer : Ablation Studies 

Ablation study on channel-wise attention and identity weight matrix attention ? 

        - Candidate 1: SAMformer with temporal attention (as used in all other transformers)  

        - Candidate 2: SAMformer with identity weight matrix attention 
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Conclusions on SAMformer (ILBERT et al, ICML oral 2024)

1. We studied pitfalls of transformers in time series forecasting 

- Sharp loss landscape = lack of generalization 

2. Our proposal SAMformer 

- SAMformer = RevIN + channel-wise attention + SAM optimization 

- SOTA in long-term multivariate time series forecasting 

- Consistent = same architecture of different horizons/datasets 

- Lightweight = the smallest SOTA model 

- On par with the large foundation model MOIRAI 

   3.    Can inspire further work to enhance our simple architecture.



Thank you 
Check my website for code, paper and slides  

Let’s discuss potential post-PhD opportunities


