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Introduction
Time Series Forecasting (TSF)

시계열데이터란?

일정한시간간격으로수집된순차적데이터포인트의집합

Time

시계열데이터의중요한특성은무엇일까?

시간적순서(Temporal order) → 데이터포인트간의선후관계가존재

자기상관성(Autocorrelation) → 현재의값이과거의패턴에의존하는특성

비정상성(Non-stationarity) → 평균과분산이시간에따라변하는통계적불안정성
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Introduction
Time Series Forecasting (TSF)

시계열예측이란?

관측된시계열데이터를분석하여미래를예측하는문제

Time

Forecast
horizon

Observed

?
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Introduction
Time Series Forecasting (TSF)

시계열예측이란?

관측된시계열데이터를분석하여미래를예측하는문제

𝑳 = 24 𝑯 = 36

෡𝒀𝒕+𝟏:𝒕+𝑯 = 𝒇𝜽(𝑿𝒕−𝑳+𝟏:𝒕)

𝑳 = lookback window

𝑯 = forecast horizon

𝒕 = 현재 시점

Time

Forecast
horizon

Observed

?
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Background
Evolution of Time Series Forecasting Models

시계열예측모델은어떻게발전해왔을까?

Conventional methods
(statistical)
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Background
Conventional Methods: Statistical

Exponential Smoothing

최근관측값에더큰가중치를두고, 과거로갈수록지수적으로감소하는가중치를부여

𝑠𝑡 = 𝛼𝑥𝑡 + 1 − 𝛼 𝑠𝑡−1

ARIMA

자기상관성을이용하면서차분을통해비정상성을완화한뒤예측

AR(AutoRegressive): 과거값의선형결합

I (Integrated): 차분을통해비정상성제거

MA (Moving Average): 과거오차항의선형결합
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Background
Evolution of Time Series Forecasting Models

시계열예측모델은어떻게발전해왔을까?

Conventional methods
(statistical)

Fundamental DL models
(MLP, RNN, CNN)
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Method
FundamentalDL models: MLP

Multi-layer perceptron

비선형패턴모델링에서강력한성능을보여줌

Input layer

Hidden layer

Output layer



10

Method
FundamentalDL models: MLP

Multi-layer perceptron

비선형패턴모델링에서강력한성능을보여줌

Input layer

Hidden layer

Output layer

Limitation ①: weak temporal inductive bias

시계열의순서성과시간적의존성을반영하기어려움

Limitation ②: fixed lookback window

다양한 lookback window에유연하게대응하기어려움

Limitation ③: parameter/data inefficiency

긴 lookback이나많은 channel을펼쳐넣으면parameter 수가
증가하고, 데이터효율성이낮아질수있음
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Method
FundamentalDL models: RNN

Recurrent Neural Network (RNN)를 time series data에어떻게적용했을까?

시계열데이터와같은 sequence data를처리하도록설계된모델

A

𝒉𝒕

𝒙𝒕

A

𝒉𝟎

𝒙𝟎

A

𝒉𝟏

𝒙𝟏

A

𝒉𝟐

𝒙𝟐

A

𝒉𝒕

𝒙𝒕
…

=



12

Method
FundamentalDL models: RNN

Recurrent Neural Network (RNN)를 time series data에어떻게적용했을까?

시계열데이터와같은 sequence data를처리하도록설계된모델

A

𝒉𝒕

𝒙𝒕

A A A A

ℎ𝑡 = 𝜎 𝑊ℎℎℎ𝑡−1 +𝑊𝑥ℎ𝑥𝑡 + 𝑏ℎ

기울기소실/폭주문제발생!

시간축병렬처리제한!

𝜕ℎ𝑡
𝜕ℎ𝑘

ෑ

𝑖=𝑘+1

𝑡
𝜕ℎ𝑖
𝜕ℎ𝑖−1
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Method
FundamentalDL models: CNN

Convolutional Neural Network (CNN)을시계열예측에어떻게적용했을까?

시계열데이터를시간축을따라흐르는1차원신호로간주함

시계열의국소적영역에서특징을추출하여지역적패턴(Local patterns)을학습함

time

Filter

𝑊0 𝑊1 … 𝑊𝑘−1

1D Convolution

Convolution filter

ℎ1 ℎ2 ℎ3 … ℎ𝑇−𝑘+1

시간(t)

추출된 feature map
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Method
FundamentalDL models: CNN

Convolutional Neural Network (CNN)을시계열예측에어떻게적용했을까?

시계열데이터를시간축을따라흐르는1차원신호로간주함

시계열의국소적영역에서특징을추출하여지역적패턴(Local patterns)을학습함

time

Filter

𝑊0 𝑊1 … 𝑊𝑘−1

1D Convolution

Convolution filter

ℎ1 ℎ2 ℎ3 … ℎ𝑇−𝑘+1

시간(t)

추출된 feature map

얕은 Convolution filter는보는범위가제한되어있음
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Method
FundamentalDL models: CNN

Dilated convolution은왜더긴과거를볼수있을까?

일반적인CNN은가까운과거의국소정보만보는한계가있음

Dilation 계수d를키우면파라미터수증가없이 receptive field 확장가능

Dilated convolution stacking

time

Filter

time

Filter

좁은 receptive field 더넓은 receptive field

𝐹 ∗𝑑 𝑥 𝑠 = ෍

𝑖=0

𝑘−1

𝑓 𝑖 ⋅ 𝑥 𝑠 − 𝑑 ⋅ 𝑖𝑥 ∗ 𝑓 𝑠 =෍

𝑖

𝑥 𝑖 ⋅ 𝑓 𝑠 − 𝑖
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Background
Evolution of Time Series Forecasting Models

시계열예측모델은어떻게발전해왔을까?

Conventional methods
(statistical)

Fundamental DL models
(MLP, RNN, CNN)

Transformer
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Related Works
Transformer

초기 transformer 기반예측모델은무엇이있을까?

Informer (AAAI, 2021) Autoformer (NeurIPS, 2021)

…

…Query

Key

…

ProbSparseattention으로긴시계열의계산량을줄임

Decomposition

Trend Seasonal

0−𝜏 𝜏

Auto-correlation

FEDformer (ICML, 2022)

𝑓

Frequency transform
+ Frequency filtering

Inverse transform

Decomposition

Decomposition과auto-correlation으로장기패턴을포착 Frequency domain 정보를활용해서효율성과성능개선
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Background
Transformer

Transformer기반모델의한계는무엇이었을까?

Self-attention은pair-wise correlation에강하지만, 시계열의순서성과연속성을직접보장하지는않음

긴 lookback window를늘려도성능이항상좋아지지않는현상이관찰됨

기존비교실험에서단순하지만강력한DMS baseline이충분히고려되지않았음

Transformer Block

Transformer Block

𝑥1 𝑥2 … 𝑥𝑇

ො𝑦1 ො𝑦2 ො𝑦𝑇

X 𝐿
Direct Multi-Step (DMS)

…

𝑥1 𝑥2 … 𝑥𝑇

ො𝑦1 ො𝑦2 ො𝑦𝑇…
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Related Works
Transformer

Are Transformer effective for Time Series Forecasting? (Zeng et al., AAAI 2023)

Transformer 기반 LTSF 모델의성능향상이정말 self-attention 때문인지재검토

단순한DLinearbaseline을통해“복잡한Transformer가항상필요한가?”라는질문제기

이후시계열예측에서모델구조보다시계열에맞는표현방식이중요하다는논의로확장
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Method
Transformer

왜DLinear가중요한전환점이되었을까?

복잡한attention 없이도direct multi-step 예측성능이좋다는것을보여줌

입력시계열을 trend와 remainder로분해한뒤, 각성분에 linear layer를적용

Trend

Remainder

Lookbackwindow

Linear
(𝑊𝑡)

Linear
(𝑊𝑟)

Forecast horizon
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Method
Transformer

이후어떤고민을하게되었을까?

복잡한attention을쓰는것보다, 시계열구조에맞는단순하고안정적인표현이중요해짐

특히다변량시계열에서는“채널을독립적으로볼것인가,함께볼것인가”가핵심문제

이논점이Channel Independence(CI)와Channel Dependence(CD) 전략으로이어짐

𝑓

𝑓

𝑓

𝑓

𝑓

Channel Dependent (CD) Channel Independent (CI)
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Method
Transformer

Channel-Dependent (CD) 전략이란무엇일까?

시점 t에서여러변수를하나의벡터𝑥𝑡 = [𝑥𝑡
(1),𝑥𝑡

(2),…,𝑥𝑡
𝐶 ]로묶어서함께처리함

예측함수는전체행렬𝑋 ∈ℝ𝐿×𝐶를입력으로받아채널간상관관계를학습

과거관계를너무강하게학습했다면오히려미래예측에서불안정

𝑡 − 𝐿 + 1

𝑡 − 𝐿 + 2

𝑡

… 𝐿

𝐶

…

𝑡 − 𝐿 + 1

𝑡 − 𝐿 + 2

𝑡

…

모델
𝑓(∙)

𝑋 ∈ ℝ𝐿×𝐶
𝑥𝑡 ∈ ℝ𝐶

𝑡 + 1

𝑡 + 2

𝑡 + 𝐻

… 𝐻

𝐶

෠𝑌 ∈ ℝ𝐻×𝐶
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Method
Transformer

Channel-Independent (CI) 전략이란무엇일까?

다변량시계열𝑋를𝐶개의단변량시계열샘플로처리

각채널 𝑐에대해과거𝑥(𝑐)(1:𝐿)만사용하여미래 Ƹ𝑦(𝑐)를예측

Distribution drift에상대적으로강하고, 채널간관계변화에덜민감함

Channel 1

Channel 2

Channel 3

Channel C

𝑓𝜃

𝑥(1)(1:𝐿)

𝑥(2)(1:𝐿)

𝑥(3)(1:𝐿)

𝑥(𝐶)(1:𝐿)

ො𝑦(1)

ො𝑦(2)

ො𝑦(3)

ො𝑦(𝐶)
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Method
Transformer

그렇다면CI 전략만으로충분할까?

CI는각채널을독립적으로다루기때문에drift에비교적안정적임

하지만다른변수의정보를직접활용하지못해변수간상호작용을놓칠수있음

𝑓

𝑓

𝑓

𝑓

𝑓

다른채널의정보는직접사용하지않음변수간상호작용을예측신호로활용

Channel Independent Channel Dependent
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Method
Transformer

그렇다면CI 전략만으로충분할까?

CI는각채널을독립적으로다루기때문에drift에비교적안정적임

하지만다른변수의정보를직접활용하지못해변수간상호작용을놓칠수있음

CD는더풍부한정보를활용할수있으므로, 두전략을함께쓰는방향이중요!

𝑓

𝑓

𝑓

𝑓

𝑓

다른채널의정보는직접사용하지않음변수간상호작용을예측신호로활용

Channel Independent Channel Dependent
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Introduction
Evolution of Time Series Forecasting Models

시계열예측모델은어떻게발전해왔을까?

Conventional methods
(statistical)

Fundamental DL models
(MLP, RNN, CNN)

Advanced Fundamental DL models
(SOFTS)

Transformer
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Related Works
Advanced Fundamental DL models: SOFTS

SOFTS: Efficient Multivariate Time Series Forecasting with Series-Core Fusion (Han et al., NeurIPS 2024)

STAR 모듈을통해여러채널정보를core representation으로집약하고, 이를각채널에다시전달하는효율적인구조제안

여러시계열채널을직접서로비교하지않고, 하나의core representation을거쳐간접적으로정보를주고받음
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Motivation
Advanced Fundamental DL models: SOFTS

기존시계열예측모델들은어떤딜레마를가지고있을까?

CI 전략은분포변화와노이즈에강하지만, 채널간상관관계를활용하기어려움

CD는채널간상호작용을반영하지만, 복잡도가커지고비정상채널에민감함

𝑓

𝑓

𝑓

𝑓

𝑓

Channel Independent Channel Dependent
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Motivation
Advanced Fundamental DL models: SOFTS

기존시계열예측모델들은어떤딜레마를가지고있을까?

CI 전략은분포변화와노이즈에강하지만, 채널간상관관계를활용하기어려움

CD는채널간상호작용을반영하지만, 복잡도가커지고비정상채널에민감함

CI의 안정성과 CD의 채널 상호작용의 장점을 동시에 가져갈 수 없을까?

𝑓

𝑓

𝑓

𝑓

𝑓

Channel Independent Channel Dependent
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STAR ModuleX N
STAR ModuleX N

Method
Advanced Fundamental DL models: SOFTS

SOFTS아키텍처는어디에서CI와CD를결합할까?

각채널별시계열데이터를독립적으로임베딩한후, STAR 모듈내중앙서버역할을하는 core representation생성

core representation을개별채널표현과결합및융합(Fusion)함으로써채널간의간접적인정보교환및상호작용수행

채널1

채널2

채널3

과거구간 (L)

STAR ModuleX N
Linear

predictor

채널1

채널2

채널C

예측구간 (H)Series embedding Core representation 생성
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Method
Advanced Fundamental DL models: SOFTS

SOFTS아키텍처는어디에서CI와CD를결합할까?

각채널별시계열데이터를독립적으로임베딩한후, STAR 모듈내중앙서버역할을하는 core representation생성

core representation을개별채널표현과결합및융합(Fusion)함으로써채널간의간접적인정보교환및상호작용수행

STAR Module

Core representation

MLP

Pool

Series embedding

Repeat & concat

MLP
Linear

predictor

Residual (Skip connection)
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Experiment
Advanced Fundamental DL models: SOFTS

SOFTS는기존방법론대비좋은성능을보여주었을까?

12개의벤치마크데이터셋에서기존CI/CD 계열모델대비좋은성능

STAR 적용이후abnormal channel이정상 cluster 쪽으로보정되며예측오차감소
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Introduction
Evolution of Time Series Forecasting Models

시계열예측모델은어떻게발전해왔을까?

Conventional methods
(statistical)

Fundamental DL models
(MLP, RNN, CNN)

Transformer

Advanced Fundamental DL models
(SOFTS)

Advanced transformer
(TimeXer)
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Related Works
Advanced transformer: TimeXer

TimeXer: Empowering Transformers for Time Series Forecasting with Exogenous Variables (Wang et al., NeurIPS 2024)

예측대상변수는endogenous variable로두고, 자기자신의과거흐름은patch-level self-attention으로학습

나머지변수또는외부정보는exogenous variable로보고, variate-level token으로표현

예측대상변수를중심으로독립적으로모델링하면서, cross-attention을통해외생변수정보를선택적으로활용
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Method
Advanced transformer: TimeXer

TimeXer의전체적인아키텍처는어떻게구성되어있을까?

내생변수(예측대상변수)의시간변화와국소패턴을보존하기위해patch-level token 사용

각patch의시간적순서를유지하기위해positional encoding을더해서position-aware token 생성

과거구간 (L)

채널1 (내생변수)

채널2 (외생변수1)

채널3 (외생변수2)

Patch 1 Patch 2 Patch 3
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Method
Advanced transformer: TimeXer

TimeXer의전체적인아키텍처는어떻게구성되어있을까?

내생변수(예측대상변수)의시간변화와국소패턴을보존하기위해patch-level token 사용

각patch의시간적순서를유지하기위해positional encoding을더해서position-aware token 생성

Patch tokens
+

Positional encoding

과거구간 (L)

채널1 (내생변수)

채널2 (외생변수1)

채널3 (외생변수2)

Patch 1 Patch 2 Patch 3
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Method
Advanced transformer: TimeXer

TimeXer의전체적인아키텍처는어떻게구성되어있을까?

Global token을추가해내생변수시계열전체를대표하는전역표현생성

이후외생변수의정보를받아오는bridge 역할을수행

Global token 추가!

과거구간 (L)

채널1 (내생변수)

채널2 (외생변수1)

채널3 (외생변수2)

Endogenous representation

Patch 1 Patch 2 Patch 3

Patch tokens
+

Positional encoding
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Method
Advanced transformer: TimeXer

외생변수는어떻게표현할까?

외생변수는예측대상이아니라 target 예측을돕는정보를제공하는역할

각변수가 target에주는영향력을요약하는것이중요

과거구간 (L)

채널1 (내생변수)

채널2 (외생변수1)

채널3 (외생변수2)

Variate-level tokens Exogenous representation
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Method
Advanced transformer: TimeXer

내생변수와외생변수의정보는어떻게결합될까?

Self-attention: patch token과global token이상호작용하며 target 내부의시간의존성학습

Cross-attention: global token이외생변수 token에서필요한외부정보를선택적으로수집

Endogenous representation Endogenous representation

Exogenous representation

Global token

Self-attention Cross-attention
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Experiment
Advanced transformer: TimeXer

TimeXer은 exogenous 정보를실제로잘활용했을까?

7개의벤치마크데이터셋에서기존CI/CD 계열모델대비좋은성능

외생변수를활용해기존모델대비경쟁력있는성능을보여줌
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Introduction
Evolution of Time Series Forecasting Models

시계열예측모델은어떻게발전해왔을까?

Conventional methods
(statistical)

Fundamental DL models
(MLP, RNN, CNN)

Transformer

Advanced transformer
(TimeXer)

Foundation model
(TimesFM)

Advanced Fundamental DL models
(SOFTS)
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Related Works
Foundation model

A Decoder-only Foundation Model for Time-Series Forecasting (Das et al., ICML 2024)

대규모데이터를얻기위해실제데이터(예: 구글트렌드, 위키미디어페이지뷰)와합성데이터를활용하여다양한학습데이터확보

다양한컨텍스트길이를입력받고 forecast horizon을처리할수있도록patching을이용한디코더어텐션아키텍쳐를설계
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Background
Foundation model

왜시계열분야에서는범용모델이어려웠을까?

시계열에는자연어처럼명확한vocabulary나grammar가없음

context length, forecast horizon, temporal granularity가데이터마다다름

LLM 수준의대규모공개시계열corpus 확보가어려움

단어/토큰

The cat sat
on the mat.

The cat sat

on the mat .

문장

대규모텍스트코퍼스

가변길이

T=24

T=120

T=336

다양한주기/빈도 제한된대규모데이터

시간별(Hourly)

일별(Daily)

월별(Monthly)

…

NLP Time Series
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Method
Foundation model

TimesFM은어떤구조를가지고있을까?

Patch length = 32

SA

FFN

Output
residual block

Output patch length = 128
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Method
Foundation model

TimesFM은어떤구조를가지고있을까?

Patch length = 32

SA

FFN

Output
residual block

Output patch length = 128

SA

FFN

Output
residual block
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Method
Foundation model

TimesFM은어떤구조를가지고있을까?

Patch length = 32

SA

FFN

Output
residual block

Output patch length = 128

SA

FFN

Output
residual block

SA

FFN

Output
residual block
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Method
Foundation model

TimesFM은어떤구조를가지고있을까?

Patch length = 32

SA

FFN

Output
residual block

Output patch length = 128

SA

FFN

Output
residual block

SA

FFN

Output
residual block

SA

FFN

Output
residual block
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Method
Foundation model

입력패치보다긴출력패치를사용하는이유는무엇일까?

긴horizon을한번에더큰 chunk로예측해autoregressive step 수를줄임

One-shot 예측과 token-by-token 예측사이의절충안

Forecasthorizon이다양한zero-shot 환경에더유연하게대응이가능함

길이: 32

TimesFM

입력패치

길이: 32

출력패치1 출력패치2

길이: 32

출력패치3

길이: 32

많은step, 오류누적가능

TimesFM

길이: 32

입력패치

길이: 128

출력패치1 출력패치2

길이: 128

출력패치3

길이: 128

적은step, 더효율적!
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Method
Foundation model

모델이모든입력길이에적응할수있는이유는무엇일까?

Patch 단위학습만하면특정patch 배수길이에만익숙해질수있음

Random masking으로다양한context length를학습

Padding과mask로길이가맞지않는입력도처리

Patch 2 Patch 3 Patch 4Patch 1

…
r개값마스킹

Patch 1 (길이32)

Lookback window 길이 (모델이실제로보는길이)

…

…

…

…

추론시: padding + mask 처리
……

… …

87

불규칙길이시계열 (예: 길이= 87)

…
앞쪽또는첫패치내부에–padding 추가

x x x

마스크적용 (패딩위치는모델이무시)

…
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Method
Foundation model

1000억개이상의 timepoints는어떻게구성했을까?

Wiki Pageviews와Google Trends로대규모 real-world 시계열확보

공개 forecasting dataset으로domain 다양성보완

Synthetic data로부족한패턴과granularity를추가학습

⋮

Wikipedia Pageviews

Google Trends

공개예측데이터셋

합성데이터
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Experiment
Foundation model

추가학습없이좋은예측성능을보였나?

평가데이터셋은pretraining에서제외된unseen datasets

TimesFM은zero-shot setting에서도supervised baseline과경쟁

Monash, Darts, ETT에서범용예측성능확인
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Conclusion
Evolution of Time Series Forecasting Models

시계열예측분야는어떻게발전해왔을까?

통계적가정기반모델에서데이터기반표현학습으로이동

Transformer, DLinear, patching, channel strategy로확장

CI의안정성과CD의상호작용을함께활용하는방향으로발전

데이터셋별학습에서대규모사전학습기반 zero-shot forecasting으로이동

Conventional methods
(statistical)

Fundamental DL models
(MLP, RNN, CNN)

Transformer

Advanced transformer
(TimeXer)

Foundation model
(TimesFM)

Advanced Fundamental DL models
(SOFTS)
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