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Foundation Models: Large-scale, general-purpose learners
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Foundation Models: Large-scale, general-purpose learners
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Foundation Models: Large-scale, general-purpose learners

GPT-family 41
Large

Language Audio —p  \Wav2Vec
Claude-family <= Models ‘
BERT-family 4—1-
. \ Foundation Models
T5-family (_> CLIP

I l SAM2
ProtGPT2 <=  Biology Computer — —_  nall-E

Vision




Foundation Models: Large-scale, general-purpose learners

GPT-family 41
Large

Language Audio —  \\/av2Vec
Claude-family <= Models ‘
BERT-family 4—1-
. \ Foundation Models
T5-family (_> CLIP

I l SAM2
ProtGPT2 <=  Biology Computer — —_  nall-E

Vision




Forecasting: A next-token prediction problem?

0 Use-case at ING: Univariate End-of-Day Balance Prediction

Xl X2 X‘t-l Xt Xt+1 X'Fh
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Thesis: Rethinking Models for Financial Time Series Forecasting

€ Research question:

“To what extent can large language model architectures be applied to
financial time series forecasting, in comparison to traditional statistical and
deep learning models?”

© Main sub-questions:

Accuracy of LLM-based Effects of seasonality Reliability of the
forecasts and predictability probabilistic output

10



Aligning modalities: From language to numbers

Prompt Samples

“and fell asleep”

“The dog jumped on the bed” | LLM “and wagged its tail” Classic text generating LLMs
“and bit my leg”

“479, ..., 371, 364"
“631, 656, ..., 473, 487, 485" | LLM “492, ..., 499, 501"
“488, ..., 421, 434"

s ke

Numerical sequences
encoded as strings [1]
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Aligning modalities: From language to numbers

Prompt

“The dog jumped on the bed”

“631, 656, ..., 473, 487, 485"

4

MM A

LLM

LLM

Samples

“and fell asleep”
“and wagged its tail”

“and bit my leg”
“479, ..., 371, 364"
“492, ..., 499, 501"
“488, ..., 421, 434"

v

sy

Difficulties:

1. Tokenization

import tokenizer

“42235630”
tokenize (number)

number
tokens

print (tokens)

>>> [422, 35, ©630]

2. Contrastive learning

12



Dedicated Time Series Foundation Models

TimeGPT: The First Foundation
Model for Time Series Forecasting

Explore the first generative pre-trained forecasting model and apply it
In a project with Python

Marco Peixeiro @ - Follow
Published in Towards Data Science - 12 minread - Oct 24,2023
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Dedicated Time Series Foundation Models

TimeGPT: The First Foundation

Model for Time Series Forecastina
solore the first senera 1 1IMESFM: Google’s Foundation

napsenivie! Model For Time-Series Forecasting

Marco Peixeiro @ - F

Published in Towards Dz Anew age for time series

Nikos Kafritsas - Follow
Published in Towards Data Science - 9 minread - Feb 28, 2024
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Dedicated Time Series Foundation Models

TimeGPT: The First Foundation

Model for Time Series Forecastina
solore the first senera 1 1IMESFM: Google’s Foundation

inaprojectwith Python mm— g r o _ = . e 2 _ r ]
Chronos: The Latest Time Series  °recasting

Forecasting Foundation Model by
Amazon

Take a deep dive into Chronos, its inner workings, and how to apply it
in your forecasting projects using Python.

‘E Marco Peixeiro @ - Follow
@ Published in Towards Data Science - 12 minread - Mar 27, 2024
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Chronos: A dedicated time series Foundation Model

Time Series Tokenization Training Inference
Historical Time Series Context Tokens Context Tokens
[2400 ... (2142 ... (2282| ... |2245| ... 2310] [2400 ... [2142| ... |2282| ... (2245 ... 2310]
2
3 ' .
§ l Time Series Time Series
Language Model Language Model
\— _J
g N S ,
: 38 ' ]
§ 8= ge ... |2320
S [,||1|,|1||1||‘] %g’ﬁ[‘ ||.|||||||.| |,] §8 ,
_ - a E . \ I ‘.‘.
& PFY §2
3o s =
5 iE 88 | -
;0 §§
2400 ... (2142 ... |2282|... |2245|... |2310 2350 gg
Next Token ID
Context Tokens Probabilistic Forecast
from [2]
Time Series _ ' _ : _ : - i ninal
Language Model | = @00gle’s T5 LLM-family Zero-Shot Forecasting = No additional training!
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Model comparisons:

Chronos-T5 (small)
Chronos-T5 (large)
Chronos-T5 (Finetuned)
PatchTST

NHITS

TimesNet

DeepAR

Naive

AutoARIMA

AutoETS

Architecture
Pre-trained Transformer
Pre-trained Transformer
Pre-trained Transformer
Transformer

MLP

CNN

LSTM + MLP decoder
Statistical

Statistical

Statistical

Number of params.

46M
710M
46M
604K
5.6M
4.9M
199K

Pre-trained Models
Deep Models

Statistical models

17



Forecasting balances

c Use-case at ING: Univariate End-of-Day Balance Prediction

Xl XZ X‘t-l Xt Xt+1 X'Fh

T —
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Forecasting balances

c Use-case at ING: Univariate End-of-Day Balance Prediction

Xt+1 th

Xl X2 X‘t -1 Xt

Data: "profile [IRedaeredorprivacyeasonsl
&prd] Redacted for privacy reasons

/\JJ \ A M /\ P
2023-12:01 20231215 20240115 2024-02-01 20240215 2024-03-01 2024-04-01 2024:04-15

20240315

11111111



Forecasting balances

G Use-case at ING: Univariate End-of-Day Balance Prediction

X1 XZ X‘t-l Xt Xt+1 X'Fh
EERNN —
| Data filtering and processing:
1. Dutch Transaction Services Wholesale
Data: "profile I/Redacted for privacy reasons | Banking Clients
& "prd | IREAGEted For priVACy reagens 2. Active between 2022 and 2024
3. Grouped under ultimate parents
| 4. Forward-filled and min-max scaled

M M m Result: 278 time series, each with 1014
- timesteps

llllllllllllllllll




Evaluation
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Evaluation

Xy

>
N

Step 1: The forecasting horizon is cut-off from the original
timeseries and used as test data

-----

zzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzzz

X

~+

-
X

+

g
s
--.l—""""r

o
—
o
—

| |
Train data Test data
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Evaluation

X1 X Xear X
Step 1: The forecasting horizon is cut-off from the original
timeseries and used as test data
l ] | J
| |
Train data In-sample Test data

o

Step 2: Data is divided into in-sample (80% of total) and out-
sample (20% of total) timeseries

—

\ J

|
Unseen data

|
Out-sample Test data 23



Evaluation: Multiple test months

We don't have enough computational resources and time to train each model for each test period

1e7 Evaluation Visualisation - Test Period 1
Train Data
Input Data
0.5 1 Test Data LF,L
0.0 1 ,"J t \H
3 -05
£
_1.0 4
_15 -
—2.0 - H
2022-05 2022-09 2023-01 2023-05 2023-09 2024-01 2024-05 2024-09
Date

2022-01




Evaluation: Multiple test months

We don't have enough computational resources and time to train each model for each test period

1e7 Evaluation Visualisation - Test Period 2
Train Data :
Input Data 1
0.5 1 Test Data
' - i
{ ;
0.0 :
i
i
|
5 -0.5 i
S i
!
!
-1.0 - !
|
|
i
. i
i
!
|
—2.0 1 i , ,
2022-01 2022-05 2022-09 2023-01 2023-05 2023-09 2024-01 2024-05 2024-09

Date



Evaluation: Multiple test months

We don't have enough computational resources and time to train each model for each test period

1e7 Evaluation Visualisation - Test Period 3
Train Data
Input Data
0.5 1 Test Data LF,L
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Evaluation: Multiple test months

We don't have enough computational resources and time to train each model for each test period

1e7 Evaluation Visualisation - Test Period 4
Train Data :
Input Data ]
0.5 1 Test Data
' | i
{ ;
0.0 :
i
i
|
5 -0.5 i
S i
!
!
-1.0 - !
I
|
i
. |
i
!
|
—2.0 1 i P
2022-01 2022-05 2022-09 2023-01 2023-05 2023-09 2024-01 2024-05 2024-09

Date



Evaluation: Multiple test months

We don't have enough computational resources and time to train each model for each test period

1e7 Evaluation Visualisation - Test Period 5
Train Data
Input Data
0.5 1 Test Data LF,L
0.0 1 ,"J t \H
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Evaluation: Multiple test months

We don't have enough computational resources and time to train each model for each test period

1e7 Evaluation Visualisation - Test Period 6
Train Data :
Input Data 1
0.5 1 Test Data
' - i
{ ;
0.0 :
i
i
|
5 -0.5 i
S i
!
!
-1.0 - !
|
|
i
. |
i
!
|
—2.0 1 i P
2022-01 2022-05 2022-09 2023-01 2023-05 2023-09 2024-01 2024-05 2024-09

Date



Evaluation: Metric Calculation

For each model we calculate three different metrics for four forecasting horizons for each timeseries

o MAE (Mean Absolute Error)
Forecasting Horizons:

1 n | N | 1 day, 7 days, 14 days and 30 days
E — Vi

7" — Historical

T
1
1
1
1
True :
PatchTST :
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
I
1
1
1

T T T T T T T T T T
2023-12-01 2023-12-15 2024-01-01 2024-01-15 2024-02-01 2024-02-15 2024-03-01 2024-03-15 2024-04-01 2024-04-15

Vi — i




Evaluation: Metric Calculation

For each model we calculate three different metrics for four forecasting horizons for each timeseries

e MAPE (Mean Absolute Percentage Error)

. Forecasting Horizons:

1 n Vi — Vi 1 day, 7 days, 14 days and 30 days
100 —
Néai=1| Y

Vi

Vi — Vi

T
1
1
rica :
True :
PatchTsT :
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1




Evaluation: Metric Calculation

For each model we calculate three different metrics for four forecasting horizons for each timeseries

e RMSE (Root Mean Squared Error)

Forecasting Horizons:
1 day, 7 days, 14 days and 30 days

z" Vi —yi)?

Models
7" — Historical

T
1
1
1
1
True :
PatchTST :
1
1
1
1
1
1
1
1
i
1
1
1
1
1
1
1
1
1

T T T T T T T T T T
2023-12-01 2023-12-15 2024-01-01 2024-01-15 2024-02-01 2024-02-15 2024-03-01 2024-03-15 2024-04-01 2024-04-15

(y; — )’i)z




Results: Accuracy of in-sample forecasting

We can take the median of each metric for each forecasting horizon over all the timeseries:
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Results: Accuracy of in-sample forecasting

We can take the median of each metric for each forecasting horizon over all the timeseries:

Statistical Deep Learning Foundation Models
Metric Horizon Naive ARIMA ETS NHITS PatchTST TimesNet DeepAR Chronos-S Chronos-L. Chronos-FT
1 day 0.0091 0.0237 0.0239  0.0158 0.0116 0.0258 0.0123 0.0083 0.0077 0.0102
MAE 7 days 0.0323 0.0459 0.0456  0.0403 0.0320 0.0385 0.0346 0.0293 0.0280 0.0338
14 days 0.0449 0.0571 0.0580  0.0485 0.0403 0.0473 0.0450 0.0397 0.0389 0.0429
30 days 0.0517 0.0616 0.0636  0.0550 0.0446 0.0514 0.0524 0.0460 0.0440 0.0480
1 day 3.5840 9.2107 8.9328  6.7932 5.0918 10.8874 5.2234 3.3121 3.2282 3.9072
MAPE 7 days 13.4556 18.2455  18.7574 16.2607 13.1425 16.6501 14.0777 12.2991 12.1936 14.4643
14 days  19.8646 23.9450 24.3448 21.6301 17.7806 20.8744 19.2472 17.5705 17.3186 18.1345
30 days  21.6435 24.8841 25.5652 22.6731 18.9188 21.5849 21.6900 19.1657 18.3518 19.6172
1 day 0.0091 0.0237 0.0239  0.0158 0.0116 0.0258 0.0123 0.0083 0.0077 0.0102
RMSE 7 days 0.0415 0.0571 0.0584  0.0491 0.0398 0.0467 0.0433 0.0368 0.0365 0.0449
14 days 0.0587 0.0739 0.0763  0.0616 0.0520 0.0588 0.0585 0.0548 0.0529 0.0581
30 days 0.0704 0.0806 0.0830 0.0714 0.0612 0.0670 0.0685 0.0644 0.0625 0.0661

Intuitively: A MAPE of 18.3518 indicates 50% of our forecasts had a mean error lower than 18.35%
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Results: Accuracy of in-sample forecasting

We can take the median of each metric for each forecasting horizon over all the timeseries:

Statistical Deep Learning Foundation Models

Metric Horizon Naive ARIMA ETS NHITS PatchTST TimesNet DeepAR Chronos-S Chronos-L. Chronos-FT

1 day 0.0091 0.0237 0.0239  0.0158 0.0116 0.0258 0.0123 0.0083 0.0077 0.0102
MAE 7 days 0.0323 0.0459 0.0456  0.0403 0.0320 0.0385 0.0346 0.0293 0.0280 0.0338
14 days 0.0449 0.0571 0.0580  0.0485 0.0403 0.0473 0.0450 0.0397 0.0389 0.0429
30 days 0.0517 0.0616 0.0636  0.0530 0.0446 0.0514 0.0524 0.0460 0.0440 0.0480
1 day 3.5840 9.2107 8.9328  6.7932 5.0918 10.8874 5.2234 3.3121 3.2282 3.9072
7 days 13.4556  18.2455  18.7574 16.2607 13.1425 16.6501 14.0777 12.2991 12.1936 14.4643
MAPE 14 days  19.8646 23.9450 24.3448 21.6301 17.7806 20.8744 19.2472 17.5705 17.3186 18.1345
30 days  21.6435 24.8841 25.5652 22.6731 18.9188 21.5849 21.6900 19.1657 18.3518 19.6172
1 day 0.0091 0.0237 0.0239  0.0158 0.0116 0.0258 0.0123 0.0083 0.0077 0.0102
RMSE 7 days 0.0415 0.0571 0.0584  0.0491 0.0398 0.0467 0.0433 0.0368 0.0365 0.0449
14 days 0.0587 0.0739 0.0763  0.0616 0.0520 0.0588 0.0585 0.0548 0.0529 0.0581
30 days 0.0704 0.0806 0.0830  0.0714 0.0612 0.0670 0.0685 0.0644 0.0625 0.0661

Remember: This is zero-shot (Chronos) versus dedicated deep-learning models



Results: Accuracy of in-sample forecasting

When looking at the MAPE and a 30-day forecasting horizon:

mn Deep Model  mmmm Pre-trained Model Baseline Model

Chronos (large) 18.35
PatchTST 18.92
Chronos (small) 19.17

Chronos (FT) 19.62

TimesNet 21.58
Naive ——— 21.64
DeepAR 21.69
NHITS 22.67
ARIMA - ——— 24.88
ETS - ————— 25.57
0 5 10 15 20 25 30

In-sample MAPE
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Results: Accuracy of in-sample forecasting

When comparing in-sample performance vs out-sample performance (MAPE, 30-day horizon):

w0 Deep Model

Chronos (large) 18.35

PatchTST 18.92
Chronos (small) 19.17

Chronos (FT) 19.62

Timeshet 21.58

Naive 1 2164
DeepAR 21.69
NHITS 22.67
ARIMA ———1 24.88
ETS —— 2557
0 5 10 15 20 25 30

In-sample MAPE

Bl Pre-trained Model

PatchTST
Chronos (large)
Chronos {small)

Chronos (FT)
TimesNet
Naive
DeepAR
NHITS
ARIMA

ETS

Baseline Model

23.88

24,30

26.62

27.13

27.48

1 28.34

28.59

28.78

—— 31.99

—— 33.37

5 10 15 20 25 30
Out-of-sample MAPE

35

Interestingly: Performance of statistical and zero-shot models decreases, indicating “more difficult” batch
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Results: Accuracy of in-sample forecasting

When looking at all metrics over the four forecasting horizons:

0.06 1

0.05 1

0.04

0.03 1

0.02 1

0.01 1

25 -
20
1 7 14 30
Forecasting Horizon (days)
—o— Naive
—m— ARIMA

MAPE

15 4

101

0.08

0.07 1

0.06

0.05 1

0.04 A

0.03 4

0.02 4

0.01 A

1 7 14 30
Forecasting Horizon {days)

—— ETS —*— PatchTS5T  —— DeepAR —o— Chronos (large)

—— NHITS —— TimesNet —=— Chronos (small) —=— Chronos (FT)

1 7 14 30
Forecasting Horizon (days)
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Results: Accuracy of in-sample forecasting

When looking at all metrics over the four forecasting horizons:

MAPE
0.06 - 0.08
0.07 1
0.05 1
0.06 4
0.04 0.05
0.03 0.04 1
0.03
0.02 1
0,02
0.01 1 .01 1
1 7 14 30 1 7 14 30 1 7 14 30
Forecasting Horizon (days) Forecasting Horizon {days) Forecasting Horizon (days)
—o— MNaive —— ETS —*— PatchTS5T  —— DeepAR —o— Chronos (large)

—=— ARIMA  —— NHITS —— TimesNet —=— Chronos (small) —=— Chronos (FT)

Notice: The Naive . model starts well, but its performance deteriorates quicker than other models (=)
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Discussion: Differences in characteristics of time series

W Deep Model mmm Pre-trained Model Baseline Model

Chronos (large)
PatchTST
Chronos (small)
Chronos (FT)

TimesNet

Naive model outperforming

®
D
o
> .
el
N
=
el

dedicated deep-learners?
NHITS 22.67
Cwmad . | i
ETS —— 25.57
0 5 10 15 20 25 30

In-sample MAPE



Discussion: Differences in characteristics of time series

Time series where Naive model performs extremely well:

0.7
M ’v_/"\ A l'"l__f- b,
W

 E— am—"h

0.5 -
q‘l 4
> 0.4
(18
> 0.3

0.2+

0.1-

0.0

2023-11 2024-01 2024-03 2024-05 2024-07 2024-09 2024-11
Date

First careful conclusion: Different time series require different models (ensemble?)
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Discussion: Differences in characteristics of time series

Comparing performance on time series with different types of seasonality:

ETS — 24.99

Naive 4 —— 25.47

ARIMA — 26.12

0 10 20 0 20 50
MAPE (No Seasonality)

[ Deep Model mmm Pre-trained Model

Baseline Model

Chronos (large) 16.98

Chronos (small)

PatchTST 17.91
Chronos (FT) 18.93
TimesNet 19.81
Naive - i 19.93
20.58
21.35
ARIMA - —_— 22,70
ETS - — 2328
/] g 1‘0 1’5 2‘0 2’5

17.62

MAPE (Single Seasonality)

PatchTST 18.43

Chronos (large) 19.20
Chronos (FT) 19.60
Chronos (small) 19.82

TimesNet 20.57

DeepAR 21.77

NHITS 22.55

Naive — 25.28
ARIMA i 28.73
ETS b 31.70
0 5 10 15 20 25 30 35

MAPE (Multiple Seasonality)

First careful conclusion: Different time series require different models (ensemble?)
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Analysis: Confidence Interval Reliability

All non-Naive models can make probabilistic forecasts (60-, 70-, 80- and 90% confidence intervals):

30-day Forecast (with 90% confidence interval)

—— Historic Data

0.18 A
=== Chronos

0164 Ground Truth

0.14 1

Value

0.10 A

0.08

0.06 A

0.04

90% Confidence Interval

_—_——— e —— e —-

2023-07-15

2023-08-01

2023-08-15

2023-09-01

2023-09-15

Date

2023-10-01

2023-10-15

2023-11-01

2023-11-15
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Analysis: Confidence Interval Reliability

All non-Naive models can make probabilistic forecasts (60-, 70-, 80- and 90% confidence intervals):

Question: How well aligned are these confidence intervals? How honest?

30-day Forecast (with 90% confidence interval)

—— Historic Data

0.18 A
=== Chronos

0164 Ground Truth

0.14 1

Value

0.10 A

0.08

0.06 A

0.04

90% Confidence Interval

_—_——— e —— e —-

2023-07-15

2023-08-01

2023-08-15

2023-09-01

2023-09-15

Date

2023-10-01

2023-10-15

2023-11-01

2023-11-15
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Analysis: Confidence Interval Reliability

All non-Naive models can make probabilistic forecasts (60-, 70-, 80- and 90% confidence intervals):

Question: How well aligned are these confidence intervals? How honest?

30-day Forecast (with 90% confidence interval)

— Historic Data I
0.18 1 :
=== Chronos I
90% Confidence Interval re
0164 Ground Truth |
!
I : /__/'"‘\ L.
0.14 4 | i .7 1‘
i '
% 0.12 | :_;l: T 1‘
> L i -
i’{,.!... 7 ‘
0.10 - Y
I I —
¢ W 1
| | V4
. [ep—
0.08 - |
|
|
0.06 1 |
|
0.04 T T T T T T T I T T
2023-07-15 2023-08-01 2023-08-15 2023-09-01 2023-09-15 2023-10-01 2023-10-15 2023-11-01 2023-11-15
Date
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Analysis: Confidence Interval Reliability

o Deep Model  mmm Pre-trained Model Baseline Model

Calibration at 60% Confidence Interval Calibration at 70% Confidence Interval

Chronos-FT Chrones-FT

= Cladimed confidence

\

Chranes-large NHITS

Chronos-small Chronos-small
NHITS Chronas-large

PatchTsT FatchTsT

,.m
= L
g %
2

Timeshet TimesNet

e

ARIMA ARIMA ———— T0.06%

. S | . . | ———__, Proportion of ground truth value

4n 50 [=14] kL et o 20 40 0 an

Calibration at 80% Confidence Interval Calibration at 90% Confidence Interval Wlth | n CO nfidence Inte rVGI.

c,.
o
=
N
=
H

MHITS MHITS

Chronos-FT 35.44% Chronas-FT

Chronos-small Chronos-small
Chronos-large 39.52% Chronos-large
ARIMA —_— ARIMA

FalchTST ETS

Timesket

Timeshet

16.77% FAtChTST
1
|

DeepiR

o 20 a0 0 80 i 0 an 60 &0 100
Percentage (%) of Ground Truth within Confidence Interval Percentage (3%) of Ground Truth within Confidence Interval

46



Analysis: Confidence Interval Reliability

o Deep Model  mmm Pre-trained Model

Calibration at 60% Confidence Interval

Chronos-FT

Chranes-large

Chronos-small

NHITS

PatchTsT

Timeshet

ARIMA

o 1n 20 an 4n 50 [=14] kL et

Calibration at 80% Confidence Interval

MHITS

Chronos-FT 35.44%

Chronos-small

Chronos-large 39.52% !
ARIMA — T413%
!
PalchTST TS:‘ 57%
!
Timeshet T6.77%
1

ET5 ¢

Deepif

0 20 a0 60 a0
Percentage (%) of Ground Truth within Confidence Interval

Chrones-FT

NHITS

Chronos-small

Chronas-large

FatchTsT

TimesNet

ARIMA

MHITS

Chronas-FT

Chronos-small

Chronos-large

ARIMA

ETS

PatchTaT

Timeshet

DeepiR

Baseline Model

Calibration at 70% Confidence Interval

= Cladimed confidence

20 40 0 an

Calibration at 90% Confidence Interval

———___ Proportion of ground truth value

within confidence interval

Observation: The Chronos models
and NHITS are overconfident

0 a0 50 &0
Percentage (3%) of Ground Truth within Confidence Interval
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Discussion: Confidence Interval Reliability

We can take a deeper dive into the confidence intervals sizes of each model
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Discussion: Confidence Interval Reliability

We can take a deeper dive into the confidence intervals sizes of each model

Confidence Interval Sizes at 90% Confidence Interval

Deep Model
NHITS H 24.00% pm Pre-trained Model

Baseline Model
Chronos-large 36.11%

Chronos-FT 36.29%
Chronos-small 36.80%
PatchTST A — 94.77%
TimesNet —— 101.13%
DeepAR A — 111.70%
ARIMA - —— 128.77%
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Discussion: Confidence Interval Reliability

We can take a deeper dive into the confidence intervals sizes of each model

Confidence Interval Sizes at 90% Confidence Interval
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Chronos-small

PatchTST 94.77%

TimesNet 101.13%
DeepAR 111.70%
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Conclusion:

 Foundation Models for time series can outperform e — Fomndation Mode

d e d | C Ot e d d e e p l e a rn e r S G n d St at i St i C a l m o d e ls b g Metric Horizon Naive ARIMA ETS NHITS PatchTST TimesNet DeepAR Chronos-S Chronos-L Chronos-FT

. . lday 00091 00237 00239 00158 00116 00258 00123 00083  0.0077 0.0102
usin g ero-s h Ot fo recad St| n g Tdays 00323 00450  0.0456 00403  0.0320 0.0385 00346 00203 0.0280 0.0338
MAE i days 0049 00571 00550 00485 00403 00473 00450 00397  0.0389 0.0429

30days 00517  0.0616 0.063 0.0550 00446 00514 00524 00460  0.0440 0.0480

ldey 35840 92107 89328 67952 50918  10.8874 52234 33121  3.2282 3.9072

Tdays 134556 182455 187574 16.2607  13.1425  16.6501 140777 122001 121936 14.4643

MAPE ) days 108646 239150 2038 216301 177806 208744 102472 175705 17.3186 181345

30days 216435 248841 255652 226731  18.9188 215840 216900  19.1657 183518  19.6172

Lday 00091 00237 00239 00158 00116 00258 00123 00083  0.0077 0.0102

g 7O 00415 0071 00581 00491 00398 00467 00433 00368 0.0365 0.0449

l4days 00587 00739 00763 00616 00520 00588 00585  0.0548 0.0529 0.0581

30days 00704 0.0806 00830 00714  0.0612 00670 00685  0.0644 0.0625 0.0661
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Conclusion:

« Foundation Models for time series can outperform
dedicated deep learners and statistical models by
using zero-shot forecasting

« There are many different time series each with their ]
owhr] characteristics. A one-fits-all model is difficult to
achieve

2023-11 2024-01 2024-03 2024-05 2024-07 2024-09 2024-11
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Conclusion:

« Foundation Models for time series can outperform
dedicated deep learners and statistical models by
using zero-shot forecasting

« There are many different time series each with their
owhn_ characteristics. A one-fits-all model is difficult to
achieve

« The probabilistic output of the foundation model
showed large inconsistencies, inviting further
research into honesty and alignment

Deep Model  mmm Pre-trained Model

Calibration at 60% Confidence Interval

Baselina Model

Calibration at 70% Confidence Interval
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Conclusion:

« Foundation Models for time series can outperform
dedicated deep learners and statistical models by
using zero-shot forecasting

« There are many different time series each with their
own characteristics. LLM'

« The probabilistic output of the foundation model
showed large inconsistencies, inviting further
research into honesty and alignment

« Working on a dedicated Forecasting repository. Not
public yet, see: github.com/didiermerk

[l README

& Code of conduct 58 Apache-2.0 license 5[3 Security

Chronos: Learning the Language of Time Series
‘Apache-2.0.

K ar

.) News

Xiv 2403.07815 @ Hugging Face @ Hugging Facem FAQ Questi

ions? License

54



Thank you!
ol X

ol %]

X

do your thing



References:

[1] Nate Gruver, Marc Finzi, Shikai Qiu, and Andrew Gordon Wilson. Large language models are zero-shot time series forecasters, 2024.
URL https://arxiv.org/abs/ 2310.07820.

[2] Abdul Fatir Ansari, Lorenzo Stella, Caner Turkmen, Xiyuan Zhang, Pedro Mercado, Huibin Shen, Oleksandr Shchur, Syama Sundar
Rangapuram, Sebastian Pineda Arango, Shubham Kapoor, Jasper Zschiegner, Danielle C. Maddix, Hao Wang, Michael W. Mahoney, Kari

Torkkola, Andrew Gordon Wilson, Michael Bohlke-Schneider, and Yuyang Wang. Chronos: Learning the language of time series, 2024. URL
https://arxiv.org/abs/2403.07815.

56



do your thing



	Slide 1: Foundation Models for Time Series Forecasting
	Slide 2: Foundation Models: Large-scale, general-purpose learners
	Slide 3: Foundation Models: Large-scale, general-purpose learners
	Slide 4: Foundation Models: Large-scale, general-purpose learners
	Slide 5: Foundation Models: Large-scale, general-purpose learners
	Slide 6: Foundation Models: Large-scale, general-purpose learners
	Slide 7: Foundation Models: Large-scale, general-purpose learners
	Slide 8: Foundation Models: Large-scale, general-purpose learners
	Slide 9: Forecasting: A next-token prediction problem? 
	Slide 10: Thesis: Rethinking Models for Financial Time Series Forecasting
	Slide 11: Aligning modalities: From language to numbers
	Slide 12: Aligning modalities: From language to numbers
	Slide 13: Dedicated Time Series Foundation Models
	Slide 14: Dedicated Time Series Foundation Models
	Slide 15: Dedicated Time Series Foundation Models
	Slide 16: Chronos: A dedicated time series Foundation Model
	Slide 17: Model comparisons:
	Slide 18: Forecasting balances
	Slide 19: Forecasting balances
	Slide 20: Forecasting balances
	Slide 21: Evaluation
	Slide 22: Evaluation
	Slide 23: Evaluation
	Slide 24: Evaluation: Multiple test months
	Slide 25: Evaluation: Multiple test months
	Slide 26: Evaluation: Multiple test months
	Slide 27: Evaluation: Multiple test months
	Slide 28: Evaluation: Multiple test months
	Slide 29: Evaluation: Multiple test months
	Slide 30: Evaluation: Metric Calculation
	Slide 31: Evaluation: Metric Calculation
	Slide 32: Evaluation: Metric Calculation
	Slide 33: Results: Accuracy of in-sample forecasting
	Slide 34: Results: Accuracy of in-sample forecasting
	Slide 35: Results: Accuracy of in-sample forecasting
	Slide 36: Results: Accuracy of in-sample forecasting
	Slide 37: Results: Accuracy of in-sample forecasting
	Slide 38: Results: Accuracy of in-sample forecasting
	Slide 39: Results: Accuracy of in-sample forecasting
	Slide 40: Discussion: Differences in characteristics of time series
	Slide 41: Discussion: Differences in characteristics of time series
	Slide 42: Discussion: Differences in characteristics of time series
	Slide 43: Analysis: Confidence Interval Reliability
	Slide 44: Analysis: Confidence Interval Reliability
	Slide 45: Analysis: Confidence Interval Reliability
	Slide 46: Analysis: Confidence Interval Reliability
	Slide 47: Analysis: Confidence Interval Reliability
	Slide 48: Discussion: Confidence Interval Reliability
	Slide 49: Discussion: Confidence Interval Reliability
	Slide 50: Discussion: Confidence Interval Reliability
	Slide 51: Conclusion:
	Slide 52: Conclusion:
	Slide 53: Conclusion:
	Slide 54: Conclusion:
	Slide 55: Thank you!
	Slide 56: References:
	Slide 57

