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Introduction

Time series forecasting:

* Finance
* Climate
« Transportation

Method:
* RNNs
* Transformer

Issues:

 data-limited scenarios, particularly few-shot and zero-shot settings
— augmenting time series forecasting with additional modalities

» Text-Augmented Models:
 the modality gap (continuous time series « discrete text)
— information loss during representation alignment
 pre-trained language knowledge is rare for capturing fine-
grained temporal patterns (Lt ai#FH o FERIKEN)
* Vision-Augmented Models:
« lack semantic interpretability
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Figure 1: Our Time-VLM combines text (Right) and vision
(Left) modalities to augment time series forecasting.



Introduction

lemporal Visual Transformation

Current approaches often focus on single modalities,
failing to harness their combined strengths. -—
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evenings, drops during daytime? and reverses on rest days.
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» Visual (Images): Reveal frequency and spatial L] ar s Qe e 1 tem B
patterns through visual representations T e
_ _ Figure 1: Our Time-VLM combines text (Right) and vision
« Language (Text): Provide semantic context and (Left) modalities to augment time series forecasting.
domain knowledge




Method

* Retrieval-Augmented Learner (RAL)
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Totobal = L Attn(P),.

This fused representation supports dynamic
retrieval and integration with other modalities

Miused = Miocal + Mgiobal,



Method

» Vision-Augmented Learner
» Frequency Encoding: adding spectral
information

L—1
FFT(Zenc) = Z O e el

» Periodicity Encoding: adding time-domain
information (P: periodicity hyperparameter)

encoding(t) = [sin (2—;') . COS (Z'—;I>] )

» Multi-scale Convolution

» Image Interpolation & Normalization
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Figure 2: Overview of the Time-VLM framework.
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Method

Text-Augmented Learner (TAL)

generates natural language prompts
describing the time series — task, domain
context, and statistics like min, max, trend

tokenized and fed into a VLM’s text encoder

* Statistical Properties: Value range (min/max), central
tendency (median), and overall trend direction.
* Contextual Information: Periodic description, task-

specific parameters (input window length and forecasting
horizon), and domain-specific dataset characteristics.
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Method

 Multimodal Fusion with VLMs
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Experiments

Dataset:

Energy: ETThL, ETTh2, ETTm1, ETTm2

Weather

Electricity: ECL

Traffic

Traditional models: PatchTST, FEDformer

Table 3: Zero-shot learning results. Full results see Section B.2.
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(2023) (2023) {2023) (2023)

Table 1: Few-shot learning on 5% training data. Results are averaged over forecasting horizons H €{96, 192, 336, 720}. Lower values
indicate better performance. Full results see Section B.1. Red: best, Blue: second best
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Table 2: Few-shot learning on 10% training data. We use the same protocol in Table 1. Full results see Section B.1.
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Experiments

Table 4: Short-term time series forecasting results on M4. The forecasting horizons are in [6, 48] and the three rows provided are weighted
averaged from all datasets under different sampling intervals. Full results see Section B.3.

Methods Time-VLM 43p | Time-LLMza950 GP’T‘4TS‘T|mcchl P“dtchTST’N—HiTS‘N—BEATS‘ETS[brmcr LightTS | DLinear | FEDformer | Stationary | Autoformer | Informer | Reformer

(Ours) (2024) (2023) | (2023a) | (2023) | (2023) | (2020) | (2022) | (2022) | (2023) | (2022) | (2022b) | (2021) | (2021) | (2020)
SMAPE| 11894 | 11983 | 12.690 | 12.880 | 12,059 | 12.035 | 12250 | 14718 | 13.525 | 13.639 | 13.160 | 12780 | 12909 | 14.086 | 18.200
MASE | 1592 | 1595 | 1808 | 1.836 | 1.623 | 1.625 | 1.698 | 2408 | 2111 | 2095 | 1775 | 1756 | 1771 | 2718 | 4223
OWA | 0855 | 0859 | 0940 | 0955 | 0869 | 0869 | 0896 | 1.172 | 1.051 | 1.051 | 0949 | 0930 | 0939 | 1230 | 1.775

Table 5: Long-term forecasting results. We use the same protocol in Table 1. Full results see in Section B.4.

Methods | Time-VLMiy Time:—LLM_-..u._:ni GPT4TS ‘ DLinear PatchTST ‘ TimesNet | FEDformer | Autoformer | Stationary | ETSformer | LightTS ‘ Informer ‘ Reformer
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Experiments

a) UMAP Clustering Visualization
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b) Fusion Gate Weight Distributions
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Figure 3: UMAP visualization (left) and gate weight distri-
butions (right) of of multimodal and temporal embeddings.
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UMAP Dimension 2

UMAP Visualization of All Features
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Figure 4: Interpretability visualization of Time-VLM: mul-
timodal feature alignment via UMAP.
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