CT Forecasting utilizing Time-LLM
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* Time series Analysis tasks

[Forecasting]

Weather forecasting, Energy/Traffic planning

Past Observations Future Time Series

? [Imputation]
Data mining [ ’} ]

Time

4

[Anomaly Detection]

Industrial Maintenance

|

Time

[Classification]

Action recognition, Heartbeat diagnosis

r

Time
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* Traditional Approach of Time series forecasting(Recurrent)
Recurrent Neural Networks (1990)

Long Short Term Memory (1995)

Bi-directional Recurrent Neural Network (1997)

Gated Recurrent Unit (2014)

Correlation Recurrent Unit (2023)

VVVVYVYY

Interation recurrently of each steps with hidden state

RNN LSTM GRU

A he

a
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* Traditional Approach of Time series forecasting(Recurrent)

|< Historical Series >|‘ Future "I

|

v

? (? ? Generative Outputs
Lear e e
Cell Cell Cell Cell Cell Cell

V) O

Deterministic Output
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* Time series forecasting with Convolution Neural Network

VVVY

InceptionTime

Yo U1 Y2

7 v 7 7
/ i
.-"'f .f"a / .-’;
! ;’ ! f
/ /
."Illlf .'I.l ;." .'l.l

Iy T T2

Convolutional-LSTM
Temporal Convolution Network (2016)
LSTNet(with RNN, 2019)

(2020)

dr—28r_1 9T
Output

f
/
/
/!
i
i

Tr_2Tr_ IT

<framework of TCN>

convolution
N W \

channels input time " n/ ! | p

tme  SEries N N

f / Jv N/ Loutput
/; . J ’ .Jy/‘m‘ >/ tN
g N *

v A e [classes
o 515llc cflefic /N
=l=llo =3 ({=] ] 7
“Aalal=l 'y ===, —')_
gl A Jefielal WM + /)
i B H Ny
SISl A el / \
|
p R
~— T global fully
f average connected
/ .
. residual pooling
connections

<framework of InceptionTime>




il 1. A7 o5l wH by

* Time series forecasting with Convolution Neural Network

» Convolutional-LSTM
» Temporal Convolution Network (2016)
» LSTNet(with RNN, 2018)
» InceptionTime (2020)
CNN
T
" :} » Prediction
1ear i
pass | > Autoregressive

<Framework of LSTNet>
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= Attention Approach of Time series forecasting

» Transformer(2017)
» LogSparse Transformer (2019)
» Reformer (2020)
» Informer (2021)
» PatchTST (2023)
» CrossFormer (2023)
Category | Method | Architecture | Embeddding | Attention Mechanism
Vanilla | Transformer ‘ Enc-Dec | Standard ‘ FullAttention(Q, K, V) = SofLmax(QTIf;)
LogSparse [152 Dec-only ‘ Standard FullAuegi’ol:(g,(i;jffu)afg‘;(fﬂax( Q\g )
Point-wise O — Vi
Informer [21] Enc-Dec ’ Standard ProbSpars&Atgn:i(:[r‘f(Ig,%i?)é 7K;2)ftmax(6jg W
| Pyraformer [153] | Enc-Dec | Standard | Pyramid-Attention(Q, K, V) = Masked(Softmax( 25 )V)
| Autoformer [22] | Enc-Dec | Standard | Auto-Correlation(Q,K,V)= 3%  Roll(V,7)Rqk(%)
Patch-wise | Crossformer [29] ‘ Enc-Dec | Patch-Wise ‘ FullAttention(Q, K, V) = Softmax(QTf)
| PatchTST [23] | Enconly | Patch-Wise | FullAttention(Q, K, V) = Softmax(25T)
Variate-wise | iTransformer [30] | Enc-only | Variate-Wise | FullAttention(Q, K, V) = Softmax(2%£T)
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= Attention Approach of Time series forecasting
Transformer(2017)

LogSparse Transformer (2019)
Reformer (2020)

Informer (2021)

PatchTST (2023)

CrossFormer (2023)

VVVVYVYYY

Time (b) Sparse Attention Time

Oééoooéi\}[\M WW@%W\-

|
|
P S S
(a) LogSparse Attention - (d) Auto-Correlation Time

Period 1 Period 2
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= Attention Approach of Time series forecasting
» PatchTST (2023)

E Eﬁmiw EE 5&"-—-"‘\\—'%5&]
§‘ 7 \1\“” o ] *\.‘ ™, Ir‘-‘ W, ‘1"‘-
=) ot ANA Concatenate o Y
§ T K > NN P
= MWL WA T oSS
E Ty
[=]
=
§ £ e RM*T
(1]
Wer™i=1,.,M
30 e R1XT Output Univariate Series
'
[ Flatten + Linear Head
20 g RPN
Transformer Encoder

Projection + Position Embedding

Instance Norm + Patching

20 g it Input Univariate Series

<Explicitly capturing the dependencies in multivariate time series data>
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= Attention Approach of Time series forecasting
» Crossformer (2023)

Q Encoder layer !

pred |‘1 !
&7 Decoder layer T+iT+r 1Y

<Explicitly capturing the dependencies in multivariate time series data>
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= Are Transformers Effective for Time series Forecasting? (2023)

» LSTF-Linear (2023)

Are Transformers Effective for Time Series Forecasting?

Ailing Zeng'*, Muxi Chen'*, Lei Zhang?, Qiang Xu'
"'The Chinese University of Hong Kong
International Digital Economy Academy (IDEA)

{alzeng, mxchen2l, qgxulfcse.cuhk.edu.hk

[leizhang}@idea.edu.cn

Abstract

Recently, there has been a surge of Transformer-based
solutions for the long-ierm lime series forecasting (LTSF)
task. Despite the growing performance over the past few
years, we question the validity of this line of research in this

ergy management, and financial investment. Over the past
several decades, TSF solutions have undergone a progres-
sion from traditional statistical methods (e.g., ARIMA [1])
and machine learning techniques (e.g., GBRT [!!]) to
deep learning-based solutions, e.g., Recurrent Neural Net-
works [ | 5] and Temporal Convolutional Networks [, [ 7].
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= Are Transformers Effective for Time series Forecasting? (2023)
» LSTF-Linear (2023)

Abstract

Recently, there has been a surge of Transformer-based solutions for the long-term time series
forecasting (LTSF) task. Despite the growing performance over the past few years, we question
the validity of this line of research in this work.

While employing positional encoding and using tokens to embed sub-series in Transformers
facilitate preserving some ordering information, the nature of the permutation-invariant self-
attention mechanism inevitably results in temporal information loss. To validate our claim, we
introduce a set of embarrassingly simple one-layer linear models named LTSF-Linear for
comparison.
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= Are Transformers Effective for Time series Forecasting? (2023)
» LSTF-Linear (2023)

(Very Simple)
Remainder
—1 . -~ A, P Linear W; :
Look-back Window | Lil -/ A/ 1 Forecasting Output
LxC TXC
N fﬂ‘f‘ : 4s €I Hs € R NN 1 of '\\
FAS AR VAN e IRAYA
= 1 Trend /
X E RLXC F ! gy ) }’{‘ e ]RTXC
— 2 .} Linear W;
#
X; € RL*C H, € RT*C

(a) The whole structure of DLinear
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= MLP Approach of Time series forecasting

Mixer Layer M

Time Mixing i Feature Mixing

Residual Residual

Feature

Feature
2 T;xe: Temporal =
= x){: Projection 2
— ¥ d
Historical o “To--.._ Time Series
Time Series : T
MLPuos’, MLPyes T
H : H Temporal Projection :
= L ;

Feature

Fully
n et v [

Rel.U

sy

— = =
g
(=}
-
e
v}
g
Z
LU W S
Time
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= MLP Approach of Time series forecasting
» TimeMixer (2023)

(a) Multiscale Time Series

(b) Past Decomposable Mixing

(¢) Future Multipredictor Mixing

L x

Seasonal Mixing

/ST 7 ] /_#__
# 7 / wy
— /T ]
N 7—, B°"°"‘}' oy
,.// M /7 :é —""—/4 / ke, bt
Down- 4 _ _ "W é /___vl'JL/ At AnAA Ay
Sampling /—/ — — — — — = £ ‘-____{_ _____ w4 ‘U
% / g 7o / .
2 e S T°piy W
/== 7 B St S aierienild o> ~NaST
/ W N 1 NN i —
e TN -/ L 1/ -/
Trend Mixing

Input Series

Feed Forward

L]

/___ 7

Prediction
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* Direction of Time series forecasting

: = MLP-based === CNMN-based = RNN-based :
! 1
: === GNMN-based === Transformer-based TSLib Implementation |
b !

Dlinear

DeepGLO Autoformer NSTransformer — TiDE

Informer FEDformer —| FreTS

LSTNet * N-BEATS Pyraformer Koopa TimeMixer
2018 201‘] { 2020 ) { 2021 )} { 2023 ) {2024 )

DCRNN J GDN SCINet Crossformer —| iTransformer
STGCN ASTGCN PatchTST Mamba
Graph WaveNet MICN
TimesNet
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* Why Challenging?

@
20l 5

— -

LLM2 HAE {O|HE 2|l C|X}OIEl

— 11—

—> time series data= representationSt”7| 0| =

TS Tokenization,

Limitation 1 .
Prompting

CHrt 2 GOl & M ES F1)

(less than 10GB)
— Foundation Model 7 & 2| 0{2{ &

Limitation 2 Fine-tuning

Concept drif7} ApZ= 2t
—H2elim EES |—)—|'\-35'|| 2 gH0|ESt= A
S Hagy
st 2 text data®} time series data®| Alignment
2 1A Q1 AT (Multi Modality)2| O12{& (Multi-modal)

Zhang, X., Chowdhury, R. R., Gupta, R. K., & Shang, J. (2024). Large Language Models for Time Series: A Survey (No. arXiv:2402.01801).
IR
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= LLM 7|8t2| A A& of| Z2] H =0}

» Large Language Models for Time Series: A Survey (2024)
* Prompting
= Quantization(Tokenization)
= Alignment

2022 2023 2024

| Typical LLM Pipeline

Text — Token ID — Embedding — LLM — Outputs

£
[
7]
]
E
E
o
=
-
-

4| Prompting

. PromptCasi EIIoomBergGF'T 2 LLM-MD9 (LLMTime)

=% — Token ID — Embedding — LLM — Qutputs| |

—| Quantization

TS — Token ID — Embedding — LLM — Outpuq ," @@ .y AudioPal M} | FreqT2T | | TOTEM @3 Qf

Embedding

—o o) W) @@ 9@

TS -
Aligning Text — LLM* T 1 1
TS Embedding — LLM — Du[putsl @Gead—tn—EE(}) GPT4TS @@GLMW&) @me—LLI'\.D (TEMF'(D (Lag—LLah@ @@ALMODPD

—{ Vision H TS

[ i
Embedding — VLM — Outpms‘ ﬁ",‘?(MUQCL@@@LIP-LSThD £ IMUGP'D Gnm&Bin[DGandaG@ AnyMAL |{ Insight Miner J

4{ Tool

‘ l Text — Token ID — Embedding == LLM = Tl =75 | o Q ToolLLM 2 (scrL-LG) Ei(ceLm

<Related Works of LLM for Time Series>

Zhang, X., Chowdhury, R. R., Gupta, R. K., & Shang, J. (2024). Large Language Models for Time Series: A Survey (No. arXiv:2402.01801).
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= How we categorize various studies to develop LLM-TSF?
= Empowering Time Series Analysis with Large Language Models: A Survey (2024)

Time Series Prompt Design

" Pmmpting [_-Background and Instructions Finetune ** Frozen
= [nstruction ® Time Series Statistics | - Positioqal
. S Embedding P
» Add Statistics * Trainable Prompt | E o
- Retrieval o Prompt Pool & Retrieval - ( } E
L — 5
[ Transformer =
= Quantization(Tokenization) Blocks

External Pre-trained Word

,' One/Two Stages, LoRA “

u String based Texts Embedding , .
. . £ 4
= [nstance Normalization
.
= Patching

Feed Forward

.. # String-based tokenization
= Decomposition

» Cross-Modality

® Instance Normalization
o Time Series Patching

Add & Layer Norm

o Seasonal-Trend Decomposition

sapias awi] jnduj

» Cross-Modality Alignment &
Reprogramming

S35D22104 21435 W]

* Fine-Tuning

<LLM for Time Series>

Jiang, Y., Pan, Z., Zhang, X., Garg, S., Schneider, A., Nevmyvaka, Y., & Song, D. (2024). Empowering Time Series Analysis with Large Language Models: A Survey
IR
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We Define 4 Categories

1. Prompting

2. Quantization(Tokenization)

3. Alignment

4. Fine-tuning
v AAE 0|ZF2 22 Foundation Model 7 &
v' pre-trained LLM=Z &-&75} 0| fine-tuning
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1. Prompting
» LS AL SO0 M & H time series datag & & promptinotl, LLM2)
XAl S HESZ forecastmgOPﬁ— o = =ls
= Large Language Models for Time Series: A Survey (2024)

Method | Example

“From {t1} to {{.bs }. the average temperature of region {U,, } was {x"} degrec on cach day. What is the
PromptCast | Xue and Salim, 2022] {t2} to {lona} & pe gion {Um} {zi"} deg y

temperature going to be on {fobs 17"

“Classify the following accelerometer data in meters per second squared as cither walking or running:
0.052,0.052,0.052,0.051,0.052,0.055,0.051,0.056,0.06,0.064

Liu et al. [2023d]

“The person is 42 years old and has a Master’s degree. She gained $594. Docs this person carn more than
50000 dollars? Yes or no? Answer:”
LLMTime [Gruver et al., 2023] | “0.123,1.23,12.3,123.0" = “12,123,1230,123007

TabLLM [Hegselmann et al., 2023]

Zhang, X., Chowdhury, R. R., Gupta, R. K., & Shang, J. (2024). Large Language Models for Time Series: A Survey (No. arXiv:2402.01801).
IR
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1. Prompting
* PromptCast(2023)
» AMAE OHO|EHE EXHOZ YUHSID 2RO Z 0| =5 =E Sl= sentence to
sentence 7| 22| Prompting 7 | =S| PN

L - / C—m—ee o \
Encoder), (Decoder N

How many people will visit our
shop tomorrow?

uopuane
uopuane

There will be 88 vistors.

Prompting The femperature were
The temperature were 77, 68, 68, 66, 73, 76 degrees

Thank you for the information.

66, 73 degrees in past 4 days. ';’ in past 4 days. No worries!
°
76 degrees tomorrow Language Model ‘ g
+ Prompting

| L 1 \ [ 4

I -
Fine!tuning (b) PromptCast Framework Testing/Inference

(c) Potential application of PromptCast:
Forecasting Chatbot

Xue, H., & Salim, F. D. (2023). PromptCast: A New Prompt-based Learning Paradigm for Time Series Forecasting
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1. Prompting
* PromptCast(2023)

= AAEEHOHE 282=

- 274

sentence to

sentence 7| 2t2| Prompting 7 | Xﬂ Al
Template Example
Input Prompt | Context | From {f; } to {fus}. the average temperaturc of | From August 16, 2019, Friday to August 30, 2019, Friday, the average
CT (Source) region {Up, } was {z}" ., } degree on cach day. | temperature of region 110 was 78, 81, 83, 84, 84, 82, 83, 78, 77, 77, T4,
1:Lops
71, 78, 73, 76 degree on each day.
Question | What is the temperature going to be on {#,.+1 }? | What is the temperature going to be on August 31, 2019, Saturday?
Out(['all‘:rgP;J)mpt Answer | The temperature will be { Iz:bs+l } degree. The temperature will be 78 degree.
Input Prompt | Context | From {f1} to {fos}, client {Um} consumed | From May 16, 2014, Friday to May 30, 2014, Friday, client 50 consumed
ECL (Source) {I;’:;Lobs } kWh of electricity on each day. 8975, 9158, 8786, 8205, 7693, 7419, 7595, 7596, 7936, 7646, 7808, 7736,
7913, 8074, 8329 kWh of electricity on cach day.
Question | What is the consumption going to be on {Z,c+1 12 | What is the consumption going to be on May 31, 2014, Saturday?
Om([.’ll.n P;J)mpt Answer | This client will consume {II';S_'_I } kWh of elec- | This client will consume 8337 kWh of electricity.
e tricity.
Input Prompt | Context | From {1} to {tas }. there were {zf]':lm} peo- | From May 23, 2021, Sunday to Junc 06, 2021, Sunday, there were 13, 17,
SG (Source) ple visiting POI {U,, } on each day. 13, 20, 16, 16, 17, 17, 19, 20, 12, 12, 14, 12, 13 people visiting POI 324
on each day.
Question | How many people will visit POl {U/,,} on | How many people will visit POI 324 on June 07, 2021, Monday?
{tobs+1}?
Output Prompt [ ot | There will be {z™ _} visitors. There will be 15 visitors.
(Target) Lobs+1

Xue, H., & Salim, F. D. (2023). PromptCast: A New Prompt-based Learning Paradigm for Time Series Forecasting
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1. Prompting
. LLMTlme(2023)

Z=X}7} BPE Encoding 2HHO0|AM EIAE = HatE [ HMSH= HE =40
SHAIEE FE517| {2t Prompting 7| 'H K| Al
"151,167,...,267" "151,167,...,267" "151,167,...267" "151,167,...,267"
"151,167,..,267" "151,167,...,267" "{51,167,...,267" "151,167,...,267"
GPT-3 spaces GPT-3 no spaces LLaMA spaces LLaMA no spaces
0.123,1.23,12.3,123.0—-"12,123,1230,12300".
Exponential
0.537
P("5") || - I -025%5
(D [T PRI
P(0.537) = S - Square + Student t °
il Pesy- PO g g I -
. 1] A " o=
P37 eerrssy 5 Mkl i, 3
["5".“3","7"] P("7"|"53" ARIMA Residuals %
P(0.537) 4 IIII gt
||||||“ || || ________ il NAHA_,
P(uj | ug:j-1) IIIlII II|I||... ______ mm laplace ™ Fixed Bins
0.4 8 1.0 s GMM mm Decimal AR

Gruver, N, Finzi, M., Qiu, S., & Wilson, A. G. (2024). LLMTime: Large Language Models Are Zero-Shot Time Series Forecasters
=
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2. Quantization(Tokenization)
= LLM4TS(2024)
= 37}X| Encoding 7| ifé."(Token Encoding, Positional Encoding, Temporal
Encoding) time series dataS Token EH ZE 2SI LLMO]| =Y

4 XL
N
—» Add & Layer Norm 0 \\
( Feed Forward J @ h X 2w
Add & Layer Norm

»De

l ] |

Token Encodlng 0 Positional Encoding 0 Temporal Encoding 0
(ConVeogen) (Epos) (Esec Emins )
Q / L3
£ . |
Hidden States
Multi-Head 4 1 9 1
2 10 18
16 2-4

e -

0 Fine-tune
T ————
@ Frozen = Fine-tune W

Chang, C., Wang, W.-Y., Peng, W.-C., & Chen, T.-F. (2024). LLM4TS: Aligning Pre-Trained LLMs as Data-Efficient Time-Series Forecasters
=
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2. Quantization(Tokenization)
= TOTEM (2025)

CHFot | 219] time series dataS ZH-E25H0] VQ-VAE 7|8t 2HAI X & codebook
= 4d. 0|F 0] codebook BEE &3l CHASH downstream tasks T
( X @ Training Paradigms f{ h
1D CNN B guantize 1D TCNN
- H e
4 q-TfF-b j¢— D —| q-TfF-b W
Specialist freeze c:)debook
_f WV
-
Figure 1: TOTEM Overview, . )
Training Paradigms, Inference||/
Paradigms & Tasks. (a)
TOTEM's VQVAE enables

In Domain

generalist training, i.e. on many Zem Shot
data domains jointly, and training, 1.e. on one data domain at a time. The TOTEM VQVAE

architecture consists of a 1D strided CNN encoder g_, quantizer, latent codebook, and 1D strided transpose
CNN decoder 1 (b) TOTEM's discrete, self-supervised codebook is frozen then leveraged for both in

domain and zero shot testing across many tasks.
Talukder, S., Yue, Y., & Gkioxari, G. (2025). TOTEM: TOkenized Time Series EMbeddings for General Time Series Analysis.
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3. Alignment(Multi-Modality)
= Multimodal Pretraining of Medical Time Series and Notes
St0f 0|2 BH& 3t Chst

= Z3XMAOf SHAtO)| CHot & R EE 28510 0| & &
downstream taskOf| A & 35}+= multimodal frameworkS | 2t

3. Alignment

| c)qji_(,l'm':mz1".nt f
o] f" A
Hors breath Hors MU J\W
Modeling of Text Embeddings Modeling of Measurement Embeddings
I!I‘ ﬂ ﬂ‘; H ‘l
- MAS
e i |y MASKL A | J

[CLS]

[CLS] | At baseline, the patient has shoriness of [MASK]

and dyspnea on exertion. Two days prior to admission, the
patient believes that he acquired a cold because he subsequently
developed a cough that was nonproductive.

Figure 1: This figure provides a graphical representation of our proposed framework. Inputs from the dif-
ferent modalities are transformed by their modality specific models. The two models are trained

to align the class output of the final layer, Hq g, and reconstruct masked tokens.
King, R., Yang, T., & Mortazavi, B. (2023). Multimodal Pretraining of Medical Time Series and Notes
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3. Alignment(Multi-Modality)

= TimeCMA(2024)
» Time Series Data2} Text Prompt% 2+ Zf Embedding®t 1, Multi Head Self
Attention= &5l AlingmentE T

3. Alignment

FoTTTEToT e EE e e [ T . T 1T 1
H Input 0 Dual-Modality Encoding i ! Cross-Modality Alignment | Time Series Forecasting |
o 1 I
' Time Series i Time Series Encoding Branch b ! !
: HEER i NG :
: il
E% ‘! E é i ! ' i .'-':l Dependencies !
: ! £ il .
:é i ! E % 0 Channel-wise ! E aizm Mapping i
i A ‘! Similarity Retrieval | |1 ‘
1 LY i i f——n B !
, time ' i ) H i v ; : @ :D: 5 |
! l ! ' b H : :E-Trfm.sfomlcr——ﬂlul 3 Legsk |
I 1 ! b Decoder ' 1 = I
| H ¥ 1 I\n E | Ea |
' : ! 3] ! b o
: i g i : ! : 1
\ From<rT+i>to<[>, B T ﬂ : 1 - ) "
' the values were =] [ ' ¢f Addition (% Multiplication — Forward !
' every < f>. The total = ! : : : |
- 1 i I
E trend valne was : . J X H Frozen % Training @ Storage :
' At b I
S : 1 |

_________________________________________________________________________________________

Figure 2: TimeCMA framework. Given time series data and corresponding prompts, we embed them through Dual-Modality Encoding.
The last token (7 of the prompts is tailored, and its embeddings are stored for efficient inference. During Cross-Modality Alignment, LLM-
empowered time series embeddings are retrieved from the prompt embeddings based on channel-wise similarity. Time Series Forecasting
decodes the aligned embeddings while capturing multivariate dependencies for robust forecasting.

Liu, C., etal., (2024). TimeCMA: Towards LLM-Empowered Multivariate Time Series Forecasting via Cross-Modality Alignment
IR
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3. Alignment(Multi-Modality)
* Time-LLM (2024)

————————————— WA¥ Instruction: <task informations
A Inped siatistics:

i ]
i_"‘ Fo b i i $ Output Embeddings ;
| 1 1 I
i i @'[ /. Output Projection ] : i
i | Tl | I
I| Flatten & Linear | | ] :
! ! HEN 1‘Il BN ! :
| | ] I
I Qutput Patch | | E [
| Embeddings | %Y Pre-trained LLM ! H;Uult':fﬂd !
b ention [
(Body) | ;
________________________ (A, |_____Input Embeddings |
T I |r :
! % output Tokan | HEEEEEEEREEEEN ; (A “Reprogrammed 7
I Embacidings ! [ I : Patch Embeddings :
i [ |
\ ! $w1mm LLM ["" Patch Reprogram ] | :
I
| ! (Embedder) o i |
| | Patching |
| | 2 |
| i e Instance Norm I
: : i Domain: |
]
I
I
[
I

Patches  ‘Word Embeddings

= ! i
ﬁ%ﬁ Frozen Training :|:|:Promp1‘ Embeddings :E‘; Patch Embeddings — Ferward —= Backward

= e

Jin, M., Wang, S., et al. (2024). Time-LLM: Time Series Forecasting by Reprogramming Large Language Models
=




2. LLM 7|8to| A|A| € of|= HT 270

3. Alignment(Multi-Modality)
= CALF (2024)

Textual Source Branch

@ Aligned
Word Text Tokens

- / 3 Transformer
: % Block

ran : T £ Textual Prediction
ransiormer

J— —

Block

Hidden
Text Feature

|
N\

0

Positional
Encoding

N

off-line

5 Projection

I

e My
(W
1\

Ty
Pre-trained 3 Output

Weights Consistency
Loss

Multi-Head
Attention

Bqe @ Cross-Modal (2 Feature

Match Module Regularization
Loss

WA
N

S

Principal
Embedding

 Multi Head
Attention

Input
. . . Positional
Time Series Fncodine
LoRA

‘[ Projection

LoRA

- :
% E na

3 Transformer —> —> Transformer —>
W -u'é ) Block (e Block | Temporal Prediction
T N i3} Projected Time Feature R

Time Tokens
For Inference
D Trainable Frozen /_\ Low-Rank Matrix Cross-Modal Fine-tuning

Liu, P., Guo, H., Dai, T., Li, N., Bao, J., Ren, X., Jiang, Y., & Xia, S.-T. (2024). CALF: Aligning LLMs for Time Series Forecasting via Cross-modal Fine-Tuning
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Table 1. Summary of related works

5t0f 0|2 £ 0 55t= Time Series Forecasting 2 '8 &

Authors Approach Method Forecast Resolution  Influencing Forecast

r Q M D H factors Step
(Yap & Lam, 2006) MS ECM K 0 1
(Chou et al., 2008) ca ;‘:;r‘l‘sﬁ;su F 1
(Peng & Chu, 2009) MS Decomposition - 0 1
(Schulze & Prinz, 2009) MS SARIMA 4 0 1
(S-H. Chen & Chen, 2010) MS X-11, SARTMA s 0 1
(J. Xiao et al, 2014) MS TE-DPSO “ 0 1
(Geag etal., 2013) ML MREVR-CSAPSQ | 17 1
(A. Huang et al. 2015} MS-ML PPR-GP 3 0 1
" (Patil & Sahu, 2016) CA Regression Model | 2 L
(Z.Chen etal, 2016) MS Pear] Curve Model | 0 1
(Pang & Gebka, 2017) MS SWHA, SWHM 3 0 1
(Y. Xiao etal 2017} MS-+ML RBFN+GRNN s 0 1
(Kieetal, 2017 MS-ML DCA, LSSVE “ 0 1
(Rashed et al., 2017) MS ARIMA ARIMAYX s 1 1
(MW Tietal 2017) ML Gauss-vSVR 5 12 1
(Tsai & Huang, 2017) ML ANN \ 7 1
(Niu et al . 2018) MsML | pDARI . o 1
(Rashed e 2l 2018) i ARDL 3 [ i
(Xieetal., 2019) LSSVE, ANN ¥ 0 1
(Shankar et al., 2019) ML LSTM L I 0 1

MS-ML SD-KELM&ELM 3 0 1-3
2019 M-ECS 4 0 1
@ 133%,,% Chanz g CNN-LSTM v 0 1
(Dragan et al, 2021) MS TCAMLRMC, ‘ 5 1
(Eskcafi et al., 2021) NS Bayesian f [ L
(He & Wang. 2021) ML FGM-BP 3 0 1
ne etal, 2021) Ms-ML NPCC+AFOSMC “ 0 1
etal, 2021) MS-ML ARMIAX-LSTM 4 19 1
(Milenkovi¢ etal., 2021) ML GA-FANN 4 0 1
(Sanguri et al, 2022) MS-ML CTR R 0 1
(Cuong et al,, 2023) Ms-ML DWT-LSTM “ 0 1
(Jin et al., 2023) MS-ML XGBoost-ARIMA 4 13 1

LAY Xiao et al 2023) MS-+ML EWTTCN-KMSE s 0 1-3
(. Wang et al., 2024) MS-ML MOda, MOgoa ~ L) 1
This paper ML DPM < 3 72

MS: Mathematical Statistics, CA: Causal Analysis, ML: Machine Learning

Y: Yearly Q: Quarterly M: Monthly D: Daily H: Hourly
]
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Berth Schedule [ Output Projection |
Berth i
No.g | [Vessel 1] [ vessslan] [essel 13 | | ‘ | | | | Py | P |
No.a | [Vessel2] ;vﬁuu\ | V:!se!]l) | -
Nog| [ Veweld T [Wessel®]  :[Seseli
Noat | [Vesset3 ] [[Vesselle ] [T Vessel 1]

: — LLM-Decoder
Data Description e I _________________________

This dataset measures the volume of Prompt Embedding Patch Embedding

containers entering the container
terminal at daily level. The data was
collected from ...

Reprogramming
{ Multi Head Attention |

LLM-Embedder

I

Domain Explanation

Text Patch ‘
Container throughput is closely related Prototype | | [0 .
1

— e

to berth schedules. The workload i
increases when multiple vessels berth Prompts Word L
simultaneously and ... Embedding
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[Data Description]| This dataset measures the volume of containers performing gate-in/gate-out operations at a container terminal, aggregated at the
daily level. The data was collected from a container terminal located at Busan Port between January 2022 and December 2022.

[Background] Container throughput is closely related to berth schedules, as increased container throughput typically corresponds to a higher volume
of containers handled by arriving vessels. they have to finish their workload from ETA to ETD. And vessels scheduling to arrive in ports can identify
utilizing berth schedule. Additionally, container throughput tends to decrease on weekends or public holidays because some road truck drivers do not
operate during these periods.

[Task Description] [Input data] refers to the time series data, [Future data] represents the forecast period for which you need to forecast container
throughput. Berth schedule will be provided to enhance predictive performance over the next <P> days.

[Input data]

Input range: 2022-01-27 ~ 2022-02-10

Weekday: [Thursday, Friday, ... Thursday]

Holiday: [Business Day, Lunar New Year, ... Business Day]
[Future data]

Forecasting range: 2022-02-10 ~ 2022-02-15

Weekday: [Thursday, Friday, ... , Tuesday]

Holiday: [Business Day, Business Day, ... , Business Day]

[Berth Schedule]

VesselCode : [A, B, C, D, ... H]
UnloadingVolume : [342, 453, 234, 464 ... 432]
LoadingVolume : [324, 123,324, 545 ... 133]
ETA : [2022-02-09, 2022-02-10 ... 2022-02-10]
ETD : [2022-02-11,2022-02-12 ... 2022-02-12]

Total Workload : 5432
Total Vessel : 8
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Table 1. Experimental result
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L-14 L-21 128
P=7 P=14 P=7 P=14 P=7 P=14
Models MSE / MAE MSE / MAE MSE / MAE MSE / MAE MSE / MAE MSE / MAE
SARIMA | 1.039/0.856 1.249/0.931 | 1.152/0.904 1.092/0.833 | 1.034/0.815 1.313/0.955
LSTM | 0.884/0.732 1.084/0.865 | 1.021/0.836 1.090/0.887 | 1.189/0.914 1.318/1.005
TCN / / / / / /
PatchMixer | 1.017/0.813 1.088/0.855 | 0.917/0.778 1.082/0.876 | 1.011/0.833 1.252/0.956
Autoformer | 0.805/0.669 0.789/0.767 | 0.751/0.694 1.109/0.950 | 0.791/0.735 1.104/0.930
PatchTST | 0.877/0.737 0.984/0.799 | 0.891/0.740 1.017/0.830 | 0.973/0.790 1.270/0.959
DLinear | 1.580/1.031 1.593/1.043 | 1.750/1.103 1.716/1.103 | 1.555/1.038 2.025/1.217
TSMixer | 1.466/1.000 1.715/1.093 | 1.561/1.051 1.587/1.051 | 2.201/1.206 2.405/1.312
Autotimes | 0.893/0.771 0.889/0.776 | 0.831/0.679 0.850/0.702 | 0.634/0.587 0.691/0.629
aLLM4TS | 0.735/0.649 0.736/0.626 | 0.606/0.599 0.656/0.627 | 0.599/0.586 0.625/0.633
Ours 0.653/0.671 0.614/0.655 | 0.566/0.563 0.569 /0.571 | 0.530/0.524 0.565 / 0.546
Avg / / / / / /
Std / / / / / /
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Table 5. Comparison of backbone parameter
L=14 L=21 L=2
P=7 P=14 P=7 P=14 P=7 P=14
Backbone MSE / MAE MSE / MAE MSE / MAE MSE / MAE MSE / MAE MSE / MAE
05B 0.678/0.614  0.729/0.665 | 0.606/0.603  0.706/0.664 | 0.572/0.577  0.660/0.628
15B 0.657/0.613 0.67/0.637 0.567/0.565 0.556/0.553 0.518/0.538 0.620/0.615
3B 0.659/0.619 0.636/0.602 | 0.538/0.555 0.563/0.570 | 0.484/0.507 0.559/0.573
7B 0.659/0.618  0.693/0.648 | 0.609/0.606  0.637/0.615 | 0.550/0.569  0.724/0.669
14B 0.653/0.619  0.665/0.628 | 0.591/0.399  0.582/0.591 | 0.523/0.544  0.649/0.626
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Table 2. Performance Comparison with Domain Knowledge Prompts

Parameters w/o Prompt w/ Prompt w/ Prompt+Domain
MSE MAE MSE MAE MSE MAE

0.5B 0.826 0.717 0.766 0.680 0.660 0.627
1.5B 1.031 0.825 0918 0.761 0.620 0.614

3B 1.038 0.824 1.037 0.789 0.560 0.573

7B 0.773 0.697 0.742 0.651 0.724 0.670

14B 0.842 0.734 0.784 0.692 0.659 0.626
Avg 0.902 0.759 0.849 0.715 0.645 0.622

Std 0.111 0.054 0.112 0.051 0.054 0.031
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Table 3. High-Probability Words Extracted from Generated Token

Parameters Semantic words

more, information, this, your, some, future, holiday, two, public, additional, new,

w/ . . . :
any, input, domain, context, detailed, season, constraints, another, seasonal,

D in Knowled: . .
omain fnowledge forecast, berth, details, extra, relevant, comments, data, up, specific, code
w/o cells, data, protein, water, cell, blood, components, proteins, people, energy, material,
Domain Knowledge individuals, substances, elements

green: words related to time series data
red: words related to domain knowledge
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