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Outline: Multi-modal Time Series Methods

» Background

= Multi-modal Fusion
- Intermediate-level

- Output-level

= Multi-modal Alignment
- Intermediate-level: Self-attention / Cross-attention / Graph Neural Network / Contrastive Learning

- Output-level: Retrieval / LLM reasoning



Background
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Multi-modal Time Series Analysis

* Multi-modal: O|0[X|, HIAE, QLR HIX S 02 H|O[E 2A/HEE[E|S 2| E8ot= A

= Multi-modal Time Series
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= Why is Multi-modality Important?
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Outline: Multi-modal Time Series Methods

= Multi-modal Fusion
- Intermediate-level

- Output-level



(Fusion - Intermediate-level) GPT4MTS (AAAI 2024)

= |dea: LLMZ XMelasHA| 9410, prompt tuning + lightweight adapter2 14
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(Fusion - Intermediate-level) Time-LLM (ICLR 2024) cited~1500
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(ICLR 2024) Time-LLM: Time Series Forecasting by Reprogramming Large Language Models
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Reprogramming Interpretation
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(f) Visualization of 10 different
learned text prototypes
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(Fusion - Output-level) Time-MMD (NeurlPS D&B 2024)

= |dea: Project multiple modality outputs onto a unified space
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(NeurlPS 2024) Time-MMD: Multi-Domain Multimodal Dataset for Time Series Analysis 12



(Fusion — Output-level) DMMV (NeurlPS 2025) smageonytioten
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(NeurlPS 2025) Multi-Modal View Enhanced Large Vision Models for Long-Term Time Series Forecasting



Multi-modal Fusion with Time Series
" Intermediate Level / Output Level

= Fusion B2k HEHO| SIPM9l 2ke2-8 2|8l well-aligned multi-modal datadi| 2|
« FIHAAIE + S IRt 5A J|AL (well aligned)
. 27} HlO[Ef £ BIIOIH| AL 12 B2 (not aligned)

= AF| SHHOIAS O|AO R HE HO|ES AFRY 4 Qis AL B2
(=)

— >

= O|2{2t BEX|E &t=f5h2| {5 Alignment mechanismO
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Outline: Multi-modal Time Series Methods

= Multi-modal Alignment
- Intermediate-level: Self-attention / Cross-attention / Graph Neural Network / Contrastive Learning

- Output-level: Retrieval / LLM reasoning
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Self-attention ?|2F Alignment

= Self-attention: a joint and undirected alignment across all modalities by dynamically
attending to important features

= Given multi-modal embeddings E,,,, € R™*4, where n is the number of modality tokens
and d is the embedding dimension:

Emm

. QK i XA Patch i
Attention(Eyym) = Softmax | % n

NP

where the queries Q, keys K, and values V are linear projections of E -
Q = EpyXWy, K = Epyy XWy, V = E XWy, with learnable weights Wy, Wy, Wy,

Text token ==
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(Alignment - Intermediate-level-SA) UniTime (WWW 2024)
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UniTime
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(WWW 2024) UniTime: A Language-Empowered Unified Model for Cross-Domain Time Series Forecasting
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Cross-attention Z|gF Alignment

» Cross-attention: time series serves as the query modality to get contextualized by
other modalities, providing a directed alignment that ensure auxiliary modalities
contribute relevant contexts while preserving the temporal structure of time series.

= Given multi-modal embeddings E.; € R4 where n is the number of time series

patches and d is the embedding dimension

Q KV
CrossAttention(Etg, Ec) = softmax

(Q

tsirc

NeD

KT

l?ts

AIAIE
embedding

AAIE
Patch 7l==

EC

Text
embedding

where the queries Qq, keys K., and values V; are linear projections of E;; and E :

QtS — EtSXWQ’KC — ECXWK, VC — ECXWV W|th |earnab|e WEIghtS WQ, WK, WV

Text
Token ==
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Self-attention vs Cross-attention

Self-attention
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(Alignment - Intermediate-level-CA) ContextFormer (arxiv 2025)

= Motivation: 244 A|A|E O F0l= M2 FEOL TX|T J|E SOTA 22S2 015 o=z LESHK| 2
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(arxiv 2025) Context Matters: Leveraging Contextual Features for Time Series Forecasting 21



(Alignment - Intermediate-level-CA) TimeXer (NeurlPS 2024)

= Motivation: Tk concat= ‘@04, Exogenous 82| A2t X[} = 21 2HA|IE LXK O 2
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(NeurlPS 2024) TimeXer: Empowering Transformers for Time Series Forecasting with Exogenous Variables



TimeXer

» Key Idea: endogenous= A|2FINEO|, exogenous= B AP 52
- endogenouse A|ZH Higl(temporal variation)?t gi& — patchZ A2 of & &l
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(Alignment - Intermediate-level-CA) TimeCMA (AAAI 2025)

 LLMS CH72 210] GIO[EIRSE] St el 243t B2 S0 A2 OS0IME A $H442 HOLY,
o AAS+EIAE ok A| AW entanglement 24 - EIAEDL 0| X2 28
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GNN 2|dF Alignment

» The topological structure from external contexts can be used for alignment. It
explicitly aligns representations with relational structures, enabling context-aware
feature propagation across modalities.

Weight matrix Embedding

/\ of v at layer [

, Z R0
St W)

\

Average of neighboring nodes’
previous layer embeddings

Determine node Propagate messages and vie{0,1,..,L —1}
computation graph transform information T

Total number of layerss



(Alignment - Intermediate-level - GNN) MAN-SF (EMNLP 2020)

IS 2H5o10 JHE = o501 2
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Contrastive Learning ?|gF Alignment

» Contrastive learning: a self-supervised representation learning approach that pulls

semantically similar (positive) pairs closer together while pushing dissimilar (negative)
pairs farther apart in the embedding space.
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(Alignment - Intermediate-level - CL) TS-C3 (Under Review)
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TS-C3
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TS-C3

Stage 1. Contextual Prompt Construction

Stage 2. Context-guided Augmentation
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TS-C3

= [dea: Context X[M|Z distribution-level0f|A] e}&3EX} (Decision boundary heterogeneity sii&)

Stage 1. Contextual Prompt Construction
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TS-C3
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TS-C3

» Contextual prompt2} temporal representationa 26103, context-dependent decision boundary=
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Result

Context Group A
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(Alignment - Output-level - Retrieval) TimeCAP (AAAI 2025)
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(AAAI 2025) TimeCAP: Learning to Contextualize, Augment, and Predict Time Series Events with Large Language Model Agents
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Results: Interpretability

Text Summary (June 26, 2017)

Over the past 24 hours, New York City has experienced a gradual decrease in temperature followed by a moderate increase, indicating a typical diurnal variation with cooler conditions
overnight and warmer conditions during the day. Humidity levels showed a general upward trend throughout the night, reaching a peak before starting to decrease, which could be
indicative of a passing weather front. Air pressure remained relatively stable with only slight fluctuations, suggesting a steady state of the atmosphere without any significant weather
systems moving in or out of the area. Wind speeds varied, with some calmer periods and occasional gusts, but no sustained high winds were observed, which would have been noteworthy
for weather impacts. Wind direction shifts were not consistent, indicating the presence of variable winds rather than a dominant weather pattern influencing the direction over the period.

Implicit Interpretation (w/o in-context examples) [ G e H T BT

The summary indicates stable air pressure and variable winds, without a dominant weather pattern that would typically precede a significant rain event. The increase in humidity could
suggest the possibility of rain, but without the presence of a significant weather system or sustained high winds to bring in moisture, the stable conditions suggest that significant
precipitation is unlikely in the next 24 hours.

Implicit Interpretation (w/ in-context examples)

The rationale for predicting rain is based on the pattern of a general upward trend in humidity, which could suggest an approaching front, and the stable air pressure with slight
fluctuations, which is similar to the scenarios in Summary #1 and Summary #2, both of which resulted in rain. Although wind speeds and directions were variable and not indicative of a
strong weather system, these factors combined with the humidity trend lean towards the possibility of rain.

Explicit Interpretation (September 4™, 2014) 7}E 2291 = in-context sample MEHSIEE A|Z

Over the past 24 hours in New York City, temperatures have experienced a notable increase, indicative of a warming trend that peaked in the late afternoon before grla=dlually declining
toward the evening. Humidity levels have shown fluctuations, starting relatively low, increasing significantly during the early hours, and then decreasing during the day, which could be
associated with a front passing through the area. Air pressure remained relatively stable throughout the period, with only slight variations, suggesting a period of settled weather. Wind
speeds varied modestly, with calmer conditions prevailing for most of the day before a slight increase later on, while wind direction shifted from primarily westerly to more variable,
including southerly and easterly directions, which may influence the transport of air masses and possibly lead to changes in weather patterns.
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(Alignment - Output-level - LLM Reasoning) TimeXL (NeurlPS 2025)

= Prototype 7|&F

ZE[EE A[AZ °13

Hele 5Tt T DA SA0f SHAIF|E mae

Input

FA_\'r

O<+«>0

g0

Prototype-based
Explainable Encoder

Prediction 9@

oo=2 O

Refinement LLM

p— Feedback

\) that detects

[’k’ textual noise
MuIt| modal Time Series (3)

Enhances text quality p
and triggers encoder \)
retraining [’b
- Reflection LLM
Preliminary
prediction

Prediction from
explanations
refined rationales,
and ground truth

& case-based
W«i (2)
Textual G

Time series

explanations Prediction LLM

(NeurlPS 2025) TimeXL: Explainable Multi-modal Time Series Prediction with LLM-in-the-Loop

AER} LLME| pred|ct|on reflection-refinement &

TS

=
—=

Time Series  Text Input Finetune Frozen
\_— ﬁ <
Text Explanation
l Input: Iron ore spot prices
have risen influenced by ...
i Prototype: indicating an
Multi-modal increase of iron ore price
Prototype-based
Encoder Time Series Explanation
p—ypp| Input Prototype
Yenc e+ ’\/C\/
y «—(_Fusion )
YLLM
Prediction LLM |« l
Reflection LLM [ _| Refinement LLM

1

Ground Truth Y The Training Protocol of TimeXL

37



Prototype-based Explanations

= 2t CNN: feature — fully connected — softmax (LHE reasoningO| 20|X| &2)
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Results: Prototypes

Not Rain Multi-modal Prototypes Rain
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* suggest a likelihood of dry weather, with stable pressure and * which could signal the approach of a weather system
* and the wind direction has primarily been from the west * low-pressure system that could lead to worsening weather
* westerly shifts, which typically bring cooler, drier air * humidity levels were predominantly high, and wind speeds were
* indicating the strengthening of a high-pressure system * recent hours. Air pressure has been decreasing overall, which
* drier air moving into the area. Air pressure remained relatively * wind direction started westerly, became variable, and
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Results: Refinement

Original Text Reasoning | Truth: Rain | Prediction: Not rain |

Original Text: Over the past 24 hours, New York City experienced a gradual increase in temperature
throughout the day, peaking in the late afternoon before a modest decline towards the evening. Humidity
levels started high in the early hours, dropped significantly during the day, and then showed a rising trend at
the end of the period, indicating a possible increase in moisture content in the air. Air pressure remained
relatively stable with only minor fluctuations, suggesting a period of stable weather conditions. Wind
speeds varied, with a noticeable increase during the late afternoon, which could have contributed to a brief
period of cooler and more turbulent conditions. Wind direction was predominantly from the south-
southwest, shifting slightly to a more south-southeast orientation later in the day, which is typical for the
region's weather patterns during this time.

Prototypes:

Not rain: City has experienced relatively stable temperatures with a slight warming trend observed (0.78)
Not rain: peak during the late afternoon before beginning to decrease slightly into the (0.64)

Not rain: dropping again, indicative of typical diurnal variation (0.51)

TimeXL: Time Series Reasoning

TimeXL: Text Reasoning | Prediction: Rain |

Refined Text: Over the past 24 hours, New York City experienced a stable air pressure pattern with minor
fluctuations, indicating stable weather conditions. The day saw a gradual increase in temperature, peaking
in the late afternoon before declining in the evening. Humidity levels were high early on, dropped
significantly during the day, and rose again later, suggesting increased moisture content. Wind direction
shifted from south - southwest to south - southeast, bringing moisture-laden air, which could increase the
likelihood of rain.

Prototypes:

Rain: direction was variable without a consistent pattern. These indicators suggest (0.47)

Rain: wind direction started westerly, became variable, and (0.64)

Rain: which could signal the approach of a weather system (0.53)
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Summary

= 1. Big Picture

AAZEE O 0|4 EFY BE EX[2F OfL|CE. (multi-modal view vs. multi-modal data)
- A 0| EXl=

L OO
« OHAIO ¥
| 0OL—

Context + Multi-modality + HeterogeneityS E o},
O 2 220 OfL[2f H{EAH| FZ(Alignment)ot=LfO|C},
- Data alignment

« Multi-modal alignment

= 2. Two Design Axes
« (1) Fusion Level

- Intermediate-level: Patch Reprogramming / Prompt tuning
« Qutput-level: Gating
- (2) Alignment Strategy

- Intermediate-level: Self / Cross-attention / GNN (Relational alignment) / Contrastive learning
- Output-level: Retrieval / LLM reasoning
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