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Background
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Structured TS 
Data

Time-aligned event context

Domain knowledge

Expert priors

Visual evidence

Complex multi-step reasoning

Underexplored

Rich contextual signals 
+

Complex reasoning over 
heterogeneous information

Current time series 
analysis mainly 
focuses on

• Basic pattern analytics over structured time series (TS) data is not enough for general-purpose time series AI.



Background
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• Despite the impressive reasoning abilities of LLMs, complex time series reasoning is still largely underexplored.



Motivation
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Limitation 1:
The scarcity of high-quality data to support general-purpose reasoning over time series.

• What hinders the development of time series reasoning models (TSRMs)?

Limitation 2:
The lack of a validated and feasible pathway for effective time series reasoning across tasks.

Overly simple time 
series questions 

do not require 
reasoning, and 

forcing reasoning 
may trigger 

overthinking

Insufficient 
context leads 
to ambiguous



Contribution
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1. New Datasets and Testbed TSR-Suite
The first comprehensive suite for time series reasoning, covering 4 atomic tasks across 3 core 
capabilities: perception, extrapolation, and decision-making. TSR-Suite contains 23,605 QA 
pairs from 10 domains, including 2,339 human-guided hierarchical annotations for reasoning traces.

3. Comprehensive Evaluation and Key Insights
Strong performance on both in-distribution (ID) and out-of-distribution (OOD) settings, with 
evidence that joint training across reasoning tasks yields mutual gains.

2. New Models TimeOmni-1
A unified model for time series reasoning, trained in two stages: temporal-prior SFT first, task-
grounded RL second.
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Two Principles for Genuine Time Series Reasoning
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• What Makes a Time Series Task Truly Reasoning Critical?

Principle 1

QA pairs must reward reasoning

A task is reasoning critical only if reasoning models 
(RM) substantially outperform non-reasoning models 
(NRM). Otherwise, explicit reasoning does not 
meaningfully help.

Desired signal

Principle 2

QA pairs must ensure context sufficiency

Reasoning depends on both the time series input 𝑋
and auxiliary context 𝐶. Let 𝐾 denote the number of 
ambiguous options. If either is underspecified, even 
an ideal reasoner is forced to guess.

Desired signal



Reasoning-Critical Time Series Tasks Formulation
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• Three Core Capabilities of Time Series Reasoning

Perception Extrapolation
Decision 

Making

• Four Atomic Tasks

1 Scenario Understanding
Link one series to its most plausible 

real-world scenario or event.

2 Causal Discovery
Compare multiple series and infer 

directed causal relations.

3 Event-Aware Forecasting
Forecast future trajectories under 

explicit event perturbations.

4 Decision Making
Use perception + forecasting to pick 

actions that maximize utility.



TSR-Suite: Data Construction Pipeline
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TimeOmni-1: A Unified Model for Time Series Reasoning
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Stage 1

Temporal Prior Supervised Fine-Tuning

Stage 2

Task-Grounded Reinforcement Learning
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Main Results
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Further Analysis
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Four Key Findings
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Finding 1

Time series 

reasoning ability 

need not be innate; 

it can be effectively 

cultivated via SFT on 

a small set of high-

quality, curated 

reasoning traces.

Finding 2

Human-guided 

traces establish 

decomposition priors 

critical for time 

series reasoning.

Finding 3

Reinforcement 

learning works 

reliably only once 

the base model is 

anchored with 

fundamental 

temporal priors, 

which prevent 

collapse into 

spurious exploration.

Finding 4

Joint training turns 

perception, 

extrapolation, and 

decision-making from 

silos into 

complementary 

capabilities, 

supporting a “train-

once, use-across-

tasks” paradigm for 

TSRMs.
1

2

3

4
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Finding 1

Time series reasoning ability need not be 

innate; it can be effectively cultivated via 

supervised fine-tuning on a small set of high-

quality, curated reasoning traces.

Four Key Findings
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Finding 2

Human-guided traces establish decomposition 

priors critical for time series reasoning.

Four Key Findings
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Finding 3

Reinforcement learning works reliably only once 

the base model is anchored with fundamental 

temporal priors, which prevent collapse into 

spurious exploration.

Four Key Findings
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Finding 4

Joint training turns perception, 

extrapolation, and decision-making 

from silos into complementary 

capabilities, supporting a train-once, 

use-across-tasks paradigm for TSRMs.

Four Key Findings



Takeaways
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TSR-Suite

The first comprehensive time series reasoning suite formalizing three core capabilities: 

perception, extrapolation, and decision-making.

New Paradigm

A “train-once, use-across-tasks” paradigm for future time series reasoning models.

TimeOmni-1

The first generalized reasoning model on time series data.



Thank you
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