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Abstract

In the time series domain, increasing efforts
extend large language models (LLMs) to mul-
timodal large language models (MLLMs) by
incorporating temporal data for downstream
temporal understanding tasks. In conventional
MLLM training, models primarily rely on lan-
guage signals, while temporal information pro-
vides substantially weaker supervision. This
imbalance leads to insufficient learning of tem-
poral patterns. To address this issue, we pro-
pose TimeSense, a framework with a disentan-
gled reconstruction structure that introduces
explicit temporal supervision and encourages
the learning of both global trends and local tem-
poral variations that are often underrepresented
in text-dominated multimodal training. Exist-
ing QA benchmarks provide limited coverage
of temporal variations and compositional tem-
poral dependencies, making it difficult to sys-
tematically diagnose these MLLMs capabilities
across diverse temporal understanding tasks.
To facilitate a more fine-grained evaluation,
we introduce EvalTS, a comprehensive bench-
mark spanning three difficulty levels (Atomic,
Molecular, and Compositional) with diverse
high-quality queries for evaluating temporal
understanding abilities in large language and
multimodal language models. Experiments on
EvalTS and existing benchmarks demonstrate
that TimeSense consistently outperforms prior
methods and substantially improves temporal
understanding performance.

1 Introduction

Time series data are foundational to numerous real-
world domains, including energy, healthcare, trans-
portation, weather, and finance (Nogales et al.,
2002; Morid et al., 2023; Lippi et al., 2013; Mc-
Govern et al., 2011; Yu et al., 2023). With the
recent progress of large language models (LLMs)
and multimodal learning, integrating natural lan-
guage with time series signals presents a promising

direction for enabling more expressive, explain-
able, and human-aligned temporal understanding.
Inspired by the success of vision-language models,
time series multimodal systems aim to extend such
capabilities by combining temporal inputs with lan-
guage, offering zero-shot reasoning over complex
sequential patterns (Xie et al., 2025; Wang et al.,
2025a,b; Kong et al., 2025).

 

- In the KPIs’ series, sustained rises or drops 
indicate anomalies. 
- The order of anomalies reflects causal relations.
Identify the abnormal time series and infer the 
root cause and propagation

TS3 shows the earliest sustained anomaly at index 151, making it the root cause. 
TS2 becomes abnormal later at index 216, indicating propagation from TS3 to TS2.
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Figure 1: Example of time series reasoning task with
multimodal large language model (MLLM).
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Figure 2: Left: An illustration of time series reasoning
on the different segment and dimensions. Right: Per-
formance comparison of baseline model under varying
numbers of time series segments and dimensions.

Current models often treat language merely as
a wrapper or annotation for temporal tasks, rather
than a means for interaction or compositional rea-
soning (Jin et al., 2024; Yang et al., 2025; Su et al.,
2024; Ye et al., 2024; Zhang et al., 2024b). In
contrast, natural language can provide rich, con-
textualized supervision for temporal events, causal
chains, and anomaly descriptions. Unlocking this
potential calls for time series LLMs that not only
solve numerical tasks, but also understand, ex-
plain, and reason about time series data in natural
language. Drawing parallels to the revolution in
Vision-Language Models (VLMs) (Radford et al.,
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EvalTS
BenchIf we define a change 

point as the intersection 
between two segments 
with clearly different 
trends, please list all the 
change points in this 
time series in order.

Figure 3: Examples from the EvalTS benchmark and performance comparison between our model and other
widely-used LLMs/MLLMs.

2021; Zhang et al., 2024a; Liu et al., 2023; Bor-
des et al., 2024), a pivotal question arises: Can we
replicate this multimodal synergy in the temporal
domain, empowering LLMs to perceive and reason
over time series data? However, the realization of
such text-time series multimodal models currently
faces the following challenges:

First, existing multimodal time series bench-
marks provide limited evaluation of complex tem-
poral reasoning scenarios. As the number of tem-
poral segments and dimensions increases, existing
multimodal time series models exhibit substantial
performance degradation (Figure 2), suggesting
limited capability in complex temporal reasoning
tasks. However, current evaluations are typically
restricted to specific downstream tasks or simpli-
fied multiple-choice settings, preventing controlled
and fine-grained analysis of model behavior across
varying levels of temporal complexity, ranging
from atomic pattern recognition to compositional
analysis. This limitation highlights the need for
a comprehensive diagnostic benchmark for multi-
modal time series reasoning.

Second, existing time series MLLMs suffer from
text-dominated optimization. Most models are
trained using text-generation objectives in which
supervision is applied primarily in the language
space. As a result, optimization is disproportion-
ately driven by textual tokens, while temporal repre-
sentations receive comparatively weak supervision.
This imbalance causes models to focus on sparse
local patterns while underrepresenting intermediate
temporal transitions and long-range dependencies.

In this work, we introduce EvalTS, shown in
Figure 3, a comprehensive benchmark for multi-
modal time series reasoning. EvalTS systemati-
cally evaluates reasoning capabilities across multi-
ple levels of temporal complexity, including Atomic
Understanding, Molecular Reasoning, and Compo-

sitional Tasks.
We further propose TimeSense, a fusion-then-

decoupling framework that models time series
as a dedicated modality within the LLM archi-
tecture. By decoupling temporal hidden states
after multimodal fusion and applying explicit
reconstruction-based supervision, TimeSense mit-
igates text-dominated optimization and improves
the model’s ability to analyze and reason over tem-
poral patterns.

Comprehensive experiments demonstrate that
TimeSense consistently outperforms prior methods
on both EvalTS and four external benchmarks, vali-
dating its robustness and generalizability. Com-
pared to leading baselines like GPT5, our ap-
proach demonstrates superior robustness, deliver-
ing a 121% improvement in Trend-based segmen-
tation on GPT5 (Figure 3). We release our code
and related EvalTS resources1 to facilitate further
research on multimodal time series analysis.

Our contributions are summarized as follows:

• We introduce EvalTS, a comprehensive bench-
mark for multimodal time series reasoning
with controlled evaluation across multiple lev-
els of temporal complexity.

• We propose TimeSense, a fusion-then-
decoupling framework that preserves cross-
modal interaction while explicitly supervising
decoupled temporal representations for im-
proved temporal modeling.

• We demonstrate that TimeSense achieves
strong performance and robustness across
EvalTS and multiple external benchmarks,
substantially outperforming existing multi-
modal baselines.

1https://github.com/NetManAIOps/TimeSense
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2 Related Works

2.1 Classical Time Series Tasks and Methods

Research on time series has long focused on
tasks such as forecasting, classification, cluster-
ing, change-point detection, anomaly detection,
and causal inference (Zhou et al., 2021; Dempster
et al., 2020; Tiwari, 2023; Gong et al., 2024). Early
methods relied on statistical models, including
ARIMA, exponential smoothing, and state-space
models (Zhang, 2003), while recent approaches in-
creasingly adopt deep neural architectures such as
RNNs, LSTMs, and temporal convolutional net-
works to model complex temporal dependencies
and non-linear dynamics (Liu et al., 2020; Siami-
Namini et al., 2018; He and Zhao, 2019). De-
spite methodological differences, most existing ap-
proaches remain task-specific and pattern-oriented,
emphasizing local temporal structures in classifi-
cation and motif discovery (Ye and Keogh, 2009;
Zakaria et al., 2012) or deviations from learned tem-
poral signatures in anomaly detection and change-
point detection.

2.2 Time Series Multimodal Models

Multimodal large language models (MLLMs) com-
bine perceptual representations with language rea-
soning and have achieved strong performance in
vision, video, and audio domains (Zhang et al.,
2005; Wang et al., 2024; Mroueh et al., 2015). In
contrast, multimodal modeling for time series re-
mains relatively underexplored, partly due to the
scarcity of paired temporal-text datasets. Existing
time series MLLMs primarily align numerical se-
quences with language for tasks such as question
answering, explanation generation, and zero-shot
analysis. Representative approaches include Chat-
Time (Wang et al., 2025a), which treats time series
as a “foreign language” for bimodal modeling and
forecasting, ChatTS (Xie et al., 2025), which uses
synthetic textual descriptions to align temporal at-
tributes with LLMs, and ITFormer (Wang et al.,
2025b), which connects a time series encoder to a
frozen LLM for temporal-textual reasoning. De-
spite architectural and training differences, existing
methods often exhibit unimodal bias, where lan-
guage representations dominate temporal represen-
tations during multimodal training (Zhang et al.,
2024c; Wang et al., 2020; Peng et al., 2022), lead-
ing models to over-rely on linguistic cues and un-
derutilize fine-grained temporal information. Ex-
isting remedies for multimodal imbalance or repre-

sentation learning do not fully address this issue in
text–time-series generative models. Temporal rep-
resentations are often learned separately and only
later integrated with the language pathway, limiting
their participation in instruction-conditioned rea-
soning. Moreover, after multimodal fusion, train-
ing is typically governed primarily by the language-
generation objective, without direct supervision
on the temporal hidden states. As a result, opti-
mization may favor a small subset of task-salient
temporal features while inadequately preserving
intermediate transitions and long-range temporal
dependencies required for complex reasoning.

3 Preliminaries

3.1 Unified Token-Based Text-Time Series
Task

We study a basic text-time series task, where a
model takes a multivariate time series X ∈ RD×L

together with a textual condition C = [c1, . . . , cM ]
as input, and generates a textual output Y =
[y1, . . . , yT ]. This can be formulated as a condi-
tional generation problem p(Y | X,C). The time
series X provides structured numerical observa-
tions with temporal dependencies, while the tex-
tual condition C specifies how these observations
should be interpreted and what information should
be extracted. By introducing text as a flexible task
interface, the model is no longer restricted to a
fixed, task-specific output space, but can generalize
across diverse time series reasoning tasks solely
through different textual conditions, without modi-
fying the model architecture, thereby enabling prac-
tical systems that help users better understand time
series data ubiquitously arising across real-world
domains.(Xie et al., 2025)

3.2 Challenges: Text-Dominated
Optimization in Time Series MLLMs

We identify a fundamental optimization issue
when training multimodal large language models
(MLLMs) with time series inputs.

Multimodal large models for time series reason-
ing are typically trained using a text-generation
objective,

Ltxt = −
∑

t

y⊤t log pθ(yt | Ttxt, Tts), (1)

where supervision is applied entirely in the lan-
guage space. Although the model receives both
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Figure 4: Workflow of TimeSense. The time series related modules are marked with blue lines, and the text related
modules with orange lines. In Stage 1, only the TS Flow is trained, while in Stage 2, the TS Flow and Text Flow are
jointly trained.

Small PerturbationTime series 1 with length 64:  <ts>[T0]...[T7]<ts/>  Analyze the time series by partitioning it into distinct trend stages.
Determine how many trend segments are present and identify the change pointswhere the trend shifts between stages.

The series shows three stages—stable, 
increasing, then stable again—and the 

change points are point 24 and 46.

TS 1

The series has two stages—stable at 
first, then decreasing from index 28.

31

22 33 52

OUTPUT

OUTPUT

Figure 5: Time series token embedding strength un-
der increasing temporal regimes. Gray grids denote
different time series tokens. The embedding strength of
each token is computed as the L2 norm of its embedding
vector, with higher background bars indicating higher
magnitude.

textual and temporal inputs, optimization is primar-
ily driven by predicting textual tokens rather than
preserving temporally grounded representations.

This creates a strong optimization imbalance
across modalities:

E[∥∇TtsLtxt∥] ≪ E[∥∇TtxtLtxt∥] . (2)

The imbalance is particularly severe for time
series reasoning tasks. Numerically grounded out-
puts often occupy only a small fraction of the gen-
erated sequence, and small temporal inaccuracies
typically induce only minor changes in token-level
cross-entropy loss. As training progresses, gradi-
ents associated with temporal reasoning rapidly
diminish,

E[∥∇TtsLtxt∥]→ 0, (3)

once the model reaches a text-sufficient solution.
Subsequent optimization mainly reinforces linguis-
tic answer patterns instead of improving temporal
understanding.

[Question]
Having a timeseries of length 30: 
<ts>[T0][T1][T2][T3]<ts/>
What is the minimum value of this time 
series in the interval from 17 to 24? \n

[Label & Text Loss]
The minimum value of this time series in 
the interval from  1   7   to   2  4   is  
at  the position   2   1  ,    4    .    2

0.0040.0120.702

(a) Loss distribution.

[Question]
Having a timeseries of length 30: 
<ts>[T0][T1][T2][T3]<ts/>
What is the minimum value of this time 
series in the interval from 17 to 24? \n

[Label]
The minimum value of this time series in 
the interval from  1   7   to   2  4   is  
at  the position   2   1  ,    4    .    2

0.117 0.0350.021

0.023

(b) Attention distribution.

Figure 6: Token-level loss and attention under text-
dominated supervision. (a) Token-wise training loss
for a representative QA instance, where larger red values
indicate higher loss and stronger optimization pressure.
(b) Attention weights used when generating time series-
related numerical outputs, with darker blue indicating
stronger reliance on the attended tokens.

As a consequence, the model learns highly selec-
tive temporal representations. Let

H(ts)(X) = [h1, . . . , hLD]

denote the token-level temporal embeddings.
Under text-dominated supervision, optimization
mainly updates temporal regions that are directly
correlated with the language loss, while weakly
supervising the remaining tokens:

E[∥∇hiLtxt∥] ≈ 0, ∀i ∈ Sc. (4)

As a result, the learned representation increas-
ingly depends on only a small subset of temporal
tokens,

H(ts)(X) ≈ H(ts)(ΠSX), (5)

where S denotes a sparse task-relevant subset.
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This selective optimization weakens intermedi-
ate temporal transitions and long-range dependen-
cies, causing progressive loss of global temporal
structure as temporal regimes become more com-
plex. In more complex temporal regimes, some
fine-grained transition information can be substan-
tially underrepresented in the learned embeddings;
for example, in the three-change-point case shown
in Figure 5, the embedding strength around the in-
termediate change point is nearly zero, potentially
hindering subsequent layers from accurately local-
izing this transition. Figure 6 further shows that
optimization pressure and inference attention con-
centrate on only a small subset of tokens, while
most temporal regions receive limited supervision.

4 Method

4.1 Overall Design

To mitigate text-dominated optimization, we pro-
pose a fusion-then-decoupling design for text–time
series multimodal learning. The model first inte-
grates textual and temporal tokens within a shared
language-model backbone, enabling cross-modal
interaction in a unified representation space. After
fusion, we decouple the hidden states correspond-
ing to the time series modality and provide them
with explicit temporal supervision. This design
preserves multimodal interaction while prevent-
ing temporal representations from being optimized
solely through the language-generation objective.

Within this fusion-then-decoupling framework,
we use temporal reconstruction as the supervision
mechanism for the decoupled time series represen-
tations.

Given an input time series X ∈ RD×L and its
temporal representation H(ts)(X), the model re-
constructs the original signal via

Lts =
∥∥Dec

(
H(ts)(X)

)
−X

∥∥2
2
. (6)

Unlike pure text-generation objectives, which
primarily optimize language outputs, the recon-
struction objective provides dense supervision di-
rectly on temporal representations.

Rather than constituting a standalone contri-
bution, the reconstruction objective serves as a
modality-specific training signal that encourages
these representations to retain both global trends
and local temporal variations.

This encourages the model to preserve intermedi-
ate temporal transitions and long-range dependen-

cies rather than relying only on sparse task-relevant
patterns.

We combine the reconstruction objective with
the textual objective:

Ljoint = Ltxt + λLts, (7)

where λ > 0 controls the strength of tempo-
ral supervision. Training is performed in two
stages: we first optimize Lts to obtain temporally
grounded representations, and then jointly fine-tune
the model with Eq. (7).

4.2 Model Architecture
Position-Sensitive Time Series Embedding.
Given an input multivariate time series X ∈ RD×L,
we associate each timestep t ∈ {0, . . . , L − 1}
with an explicit temporal coordinate pt ∈ R, e.g.,
pt =

t
L−1 (or any fixed positional code). For each

channel d, we form a position-aware point repre-
sentation

x̃
(d)
t =

[
x
(d)
t ; pt

]
∈ R2, (8)

and obtain an augmented sequence X̃(d) =

[x̃
(d)
0 , . . . , x̃

(d)
L−1] ∈ RL×2. This explicit position at-

tachment ensures that the representation cannot be
invariant to index permutations, enabling the model
to localize events (e.g., spikes, regime shifts) at the
correct coordinates.

We then divide each X̃(d) into non-overlapping
patches of length P , yielding N = ⌈L/P ⌉ patches.
The n-th patch of channel d is flattened as

x̂(d)
n = vec

(
X̃(d)
n

)
∈ R2P , X̂ ∈ RD×N×2P . (9)

A shared MLP encoder fϕ : R2P → RH maps
each patch to a time series token:

T
(d,n)
ts = fϕ

(
x̂(d)
n

)
∈ RH ,Tts ∈ RD×N×H .

(10)
Flattening channel and patch axes gives Tflat

ts ∈
R(DN)×H , which is inserted into the LLM token
stream between special markers <ts> and <ts/>.

Modality Fusion and Decoupling. Let the fused
sequence be processed by a shared Transformer
backbone (the LLM):

H = LLM
(
[<ts>,Tflat

ts , <ts/>,Ttxt]
)
∈ RT×H .

(11)
We then decouple the hidden states into time series
and text parts:

H(ts) = H1:DN ∈ R(DN)×H ,H(txt) = HDN+1:T .
(12)
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Disentangled Time Series Decoder. To prevent
temporal representations from being implicitly
shaped only by text loss (unimodal bias) and to
stabilize encoding against local perturbations, we
impose an explicit reconstruction objective through
a decoder that is disentangled from language gen-
eration. Concretely, a dedicated MLP decoder
gψ : RH → RP maps each time series hidden
token back to a length-P patch:

X̂(d,n)
rec = gψ

(
H

(ts)
(d,n)

)
∈ RP , X̂rec ∈ RD×N×P .

(13)
Inverse patching merges reconstructed patches into
the recovered sequence Xrec ∈ RD×L. We super-
vise it with an MSE reconstruction loss:

Lts =
∥∥Xrec −X

∥∥2
2
. (14)

Intuitively, minimizing Lts forces H(ts) to preserve
globally sufficient temporal information rather than
overfitting to a few locally salient fragments; later,
in Appendix D, we formalize this as a non-
vanishing reconstruction lower bound for subset-
only embeddings.

Time Series Warm-up and Joint Finetuning.
We adopt a two-stage training strategy. First, the
time series encoder and decoder are optimized us-
ing the reconstruction objective while freezing the
LLM:

min
ϕ,ψ
Lts. (15)

We then jointly finetune the multimodal model
with both textual supervision and temporal recon-
struction:

min
Θ
Ltxt + λLts, (16)

where λ controls the strength of temporal supervi-
sion.

5 Benchmark

To systematically evaluate a model’s ability to un-
derstand and reason over temporal data in multi-
modal settings, we construct EvalTS, a diagnostic
benchmark covering a wide range of time series
reasoning tasks. As illustrated in Figure 3, EvalTS
decomposes temporal understanding into three pro-
gressive levels: Atomic Understanding, Molecular
Reasoning, and Compositional Tasks. This struc-
ture is inspired by human cognitive processes for
perceiving, interpreting, and integrating temporal
information.

Table 1: Overview of existing benchmark datasets for
evaluating time series understanding in LLMs. Types
denote the question format: MCQ refers to multiple-
choice questions, T/F denotes true-or-false questions,
and OG indicates open-generation tasks that require
free-form textual responses.

Dataset Types Max.S Max.D

TSQA-A(ChatTime) MCQ 2 1-D

TSQA-B(TimeMQA) MCQ, T/F 2 1-D

BEDTime MCQ, T/F 2 1-D

TimeSeriesExam MCQ, T/F 2 2-D

EvalTS OG 5 5-D

Atomic Understanding targets the most funda-
mental temporal units, such as identifying extreme,
detecting change points, recognizing global trends,
and retrieving values at specific indices. Tasks
are designed for both single-series and multi-series
settings, with unconstrained sequence lengths to
reflect real-world variability.
Molecular Reasoning builds on atomic cognition
by requiring the model to reason about relation-
ships between multiple segments or series. Tasks
include local trend segmentation, inter-series com-
parison, and analysis of relative changes. These
tasks test a model’s ability to combine trend-level
structure with fine-grained value understanding.
Compositional Tasks assess high-level reasoning
over complex or multivariate time series. Tasks in-
clude rule-based anomaly detection, anomaly rank-
ing, and causal reasoning. These scenarios simulate
real-world challenges where temporal understand-
ing is neither local nor static, but integrative and
context-dependent.

Compared to existing benchmarks (Table 1),
EvalTS introduces two key advances. First, it sup-
ports up to 5-dimensional inputs, enabling evalu-
ation of a model’s capacity to reason over multi-
variate dynamics, while prior datasets are mostly
limited to 1D settings. Second, EvalTS adopts
an open-ended question-answering format, where
models generate free-form answers directly from
the time series and textual instructions, without
being provided with predefined answer choices or
binary true/false statements. This differs from ex-
isting benchmarks whose questions remain struc-
turally constrained as multiple-choice or true/false
tasks, even when model responses are generated in
an open-ended manner. By removing such prede-
fined answer spaces, EvalTS encourages models to
demonstrate genuine temporal understanding and
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natural language reasoning rather than selecting or
reproducing answers from a fixed set of candidates.

To enable reliable evaluation of free-form re-
sponses, we employ an LLM-based parser to ex-
tract task-relevant structured information from
model outputs. The LLM is used solely for se-
mantic extraction rather than scoring; the extracted
fields are subsequently compared with the ref-
erence features using deterministic task-specific
scripts. This evaluation pipeline accommodates
diverse natural-language response formats without
enforcing a fixed answer template, while preserving
strict and reproducible scoring of the underlying
temporal semantics.

Full task definitions and examples are provided
in Appendix E. The prompt used for LLM-based
parsing is provided in Figure 16, while the corre-
sponding reference answer cases used for determin-
istic scoring are provided in Figure 15.

6 Experiments

6.1 Setup

Datasets. We evaluate all models on the EvalTS
introduced in section 5, where task definitions and
example queries are described in Appendix E. Our
main experiments are conducted on four time series
question answering benchmarks: TimeMQA (Kong
et al., 2025), BEDTime (Sen et al., 2025),
TimeSeriesExam (Cai et al., 2024), and Chat-
Time (Wang et al., 2025a). These datasets dif-
fer in question format and input representation.
TimeMQA and BEDTime contain multiple-choice
and true/false questions with one-dimensional time
series inputs. TimeSeriesExam supports the same
question formats but additionally includes two-
dimensional inputs. ChatTime focuses on multiple-
choice questions with one-dimensional inputs. To
expand the size of the evaluation set, we adopt
the open-source dataset released with ChatTime
and follow the original evaluation protocol without
modification.
Models. As mentioned in Appendix F, we
train TimeSense and compare against GPT5,
ChatTS (Xie et al., 2025), and Qwen2.5 (Bai et al.,
2025). Specifically, Qwen2.5 refers to Qwen2.5-
14B-Instruct, while ChatTS is based on this model
as its backbone. To investigate temporal recog-
nition capabilities across different modalities, we
also include multimodal versions of these two mod-
els, namely GPT5-VL and Qwen2.5-VL. Since
Qwen2.5-VL does not have a 14B version, we uti-

lize the 7B version for evaluation. For other tempo-
ral modality models, we select ChatTS, TimeMQA,
ChatTime, and ITFormer for comparative evalua-
tion.
Metrics. For multiple-choice and true/false ques-
tions, we directly use accuracy as the evaluation
metric. For generative questions in EvalTS, we
employ Qwen2.5-32B-Instruct to extract key nu-
merical content from model responses. For single-
feature questions, accuracy is used as the metric,
while for tasks involving multiple points or seg-
ments, we utilize the F1 score for evaluation. To
account for minor annotation imprecision, we al-
low a small tolerance when evaluating questions
involving temporal coordinates.
Results. The experiment results are summarized
in Table 2. Across most categories, TimeSense
achieves the best performance, substantially outper-
forming other baselines. For a controlled compari-
son, all SFT baselines are fine-tuned on the same
training data and for the same number of optimiza-
tion steps as TIMESENSE. Under these conditions,
TIMESENSE achieves the strongest performance
across most reported metrics. This controlled com-
parison indicates that the observed gains are not
merely attributable to differences in task-specific
data exposure or training duration. TimeSense ex-
hibits even more pronounced capabilities in Time-
SeriesExam and EvalTS, where the time series di-
mensions are greater and temporal variations are
more complex. The performance of current T+TS
models varies significantly across different tasks,
reflecting the poor compatibility of existing base-
lines with various temporal tasks. This further high-
lights TimeSense’s adaptability to diverse temporal
tasks.

6.2 Further Analysis
Results on EvalTS. We report results for all three
difficulty levels in EvalTS, including Atomic Un-
derstanding, Molecular Reasoning, and Composi-
tional Tasks, as summarized in Table 3. Model
performance differs substantially across these lev-
els.

Atomic tasks evaluate basic temporal reasoning
abilities. In particular, the Extreme tasks mainly re-
quire simple numerical comparisons to identify ex-
treme, while the Trend tasks focus on coarse global
trend recognition, such as determining whether a se-
quence increases or decreases. Most models there-
fore achieve near-perfect performance on these
tasks. The lower scores observed for several mod-
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Table 2: Main Results (higher is better). Best results are highlighted in red, and second-best results are in blue.

Model Modality TSQA-A TSQA-B TimeSeriesExam BEDTime EvalTS

MCQ T/F MCQ T/F MCQ T/F MCQ A M C

GPT5 T 0.587 0.838 0.683 0.691 0.534 0.614 0.538 0.695 0.506 0.351
GPT5-VL T+V 0.781 0.775 0.667 0.108 0.164 0.746 0.706 0.655 0.484 0.202
Qwen2.5-Instruct T 0.413 0.675 0.350 0.179 0.284 0.000 0.122 0.606 0.481 0.305
Qwen2.5-VL T+V 0.521 0.750 0.575 0.559 0.491 0.695 0.594 0.550 0.613 0.313

ChatTS T+TS 0.657 0.013 0.017 0.429 0.379 0.091 0.482 0.547 0.402 0.371
TimeMQA T+TS 0.371 0.838 0.692 0.274 0.310 0.284 0.375 0.450 0.220 0.227
ChatTime T+TS 0.904 – 0.017 – 0.172 – 0.102 – – –
ITFormer T+TS 0.371 0.225 0.289 0.087 0.048 0.203 0.130 0.218 0.169 0.128

Qwen2.5+SFT T 0.308 0.713 0.450 0.560 0.362 0.558 0.315 0.548 0.403 0.491
ChatTS+SFT T+TS 0.748 0.688 0.517 0.607 0.543 0.716 0.508 0.728 0.521 0.567
TimeMQA+SFT T+TS 0.377 0.775 0.625 0.000 0.000 0.279 0.173 0.409 0.286 0.200
ChatTime+SFT T+TS 0.287 0.000 0.242 0.012 0.000 0.076 0.041 0.151 0.077 0.082
ITFormer+SFT T+TS 0.392 0.650 0.433 0.512 0.388 0.426 0.305 0.282 0.356 0.154

TimeSense T+TS 0.781 0.825 0.692 0.726 0.716 0.843 0.817 0.930 0.854 0.713

Note: T: Text-only; V: Visual; TS: time series; MCQ: Multiple Choice Questions; T/F: True/False; A: Atomic
Understanding Task; M: Molecular Reasoning Task; C: Compositional Tasks. ChatTime’s outputs only include
options for multiple-choice questions and are solely used for MCQ evaluation.

Table 3: Results of EvalTS tasks(higher is better). Best results are highlighted in red, and second-best results are in
blue.

Model Atomic Understanding Molecular Reasoning Compositional Tasks

Change Point Extreme Spike Trend Period
Segment Comparison Relative RCA AD

Uni Multi Uni Multi Uni Multi Uni Multi Uni Multi

GPT5 0.320 0.355 0.995 0.891 0.900 0.841 0.913 0.811 0.467 0.454 0.345 0.507 0.667 0.236 0.466
GPT5-VL 0.800 0.607 0.425 0.188 0.790 0.779 0.970 0.917 0.580 0.497 0.450 0.401 0.601 0.119 0.285
Qwen2.5-Instruct 0.593 0.269 0.937 0.818 0.467 0.498 0.930 0.831 0.337 0.375 0.424 0.254 0.764 0.174 0.436
Qwen2.5-VL 0.487 0.174 0.297 0.281 0.787 0.758 0.943 0.877 0.423 0.469 0.580 0.515 0.745 0.215 0.411
ChatTS 0.383 0.485 0.310 0.174 0.887 0.275 0.960 0.886 0.550 0.556 0.315 0.272 0.620 0.157 0.586
TimeMQA 0.447 0.256 0.667 0.537 0.233 0.363 0.742 0.600 0.273 0.378 0.295 0.183 0.183 0.201 0.252
ITFormer 0.303 0.405 0.028 0.025 0.32 0.286 0 0 0.393 0.421 0.066 0.303 0.135 0.039 0.215
TimeSense (Ours) 0.967 0.854 1.000 1.000 0.960 0.900 1.000 0.994 0.800 0.821 0.940 0.765 0.856 0.708 0.718

els are mainly caused by difficulties in generating
outputs in the required textual or numerical format.

As task difficulty increases, most models exhibit
a clear performance drop relative to the Atomic
tasks. Molecular tasks place greater emphasis on
analyzing and comparing overall temporal trends
and patterns. Models with vision-language capabil-
ities generally perform better on these tasks.

Compositional tasks involve more complex tem-
poral structures and question formulations, requir-
ing the integration of multiple reasoning abilities.
The relatively low performance on these tasks indi-
cates that such compositional temporal reasoning
remains challenging for current models. More re-
sults can be found in Appendix B, where we pro-
vide detailed performance of each model on the
sub-tasks of EvalTS and analyze the strengths of
different models.

Modality Comparison. Different modality com-
binations exhibit distinct strengths and limitations
in temporal understanding. Pure text models, in-
cluding large closed-source models such as GPT5,
capture global trends and isolated point features but
perform poorly on tasks requiring relational com-
parison and complex temporal reasoning. Vision
modalities can model internal temporal structures
but struggle with precise point-level recognition.
By directly incorporating temporal signals, tempo-
ral modalities address the limitations of text and
vision modalities and achieve more balanced per-
formance across tasks.

Impact of Trend Segments of Time Series. To
assess how the number of trend segments in time
series data affects model performance, we conduct
experiments on the Segment task by varying the
number of segments from 1 to 5. As shown in Fig-
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Figure 7: Performance comparison on the Segment task
with varying numbers of time series segments.
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Figure 8: Performance comparison on the Spike task
with varying numbers of time series dimensions.

ure 7, TimeSense consistently outperforms other
baselines across all configurations. Notably, as the
number of segments increases, the performance
gap between TimeSense and other models widens,
indicating its superior capability in handling com-
plex temporal structures.

Impact of Time Series Dimensions. We further
investigate the effect of increasing the number of
time series dimensions on the Spike task. By vary-
ing the number of dimensions from 1 to 4, Figure 8
shows that TIMESENSE maintains robust perfor-
mance across all evaluated dimensional settings
and achieves the best performance in three of the
four settings.

Although most baseline models exhibit perfor-
mance drops at one or more dimensional settings,
TIMESENSE maintains consistently high accuracy
across all four settings, reflecting the limitations in
handling high-dimensional time series data. Addi-
tionally, we observe slight improvements in some
general models with increased dimensions, possi-
bly due to the higher proportion of temporal input
guiding the model to better localize spike points.

Ablation Studies on Architecture and Train-
ing To examine the contribution of different struc-
tural designs, we construct three model vari-
ants: w/o Stage 1, w/o Rec(onstruction), and w/o
All, which respectively remove stage 1 separate
temporal-module training, the temporal reconstruc-

w/o Stage 1 w/o Rec w/o ALLTimeSense

Trend                           Spike                       Segment               Anomaly Detection

Figure 9: Ablation study of different model variants.
Performance comparison of TimeSense and its ablated
variants on selected EvalTS tasks.

Table 4: Ablation on EvalTS.

Variant Atomic-Uni Atomic-Multi Molecular Compositional

TimeSense 0.945 0.914 0.854 0.713
w/o Stage 1 0.835 0.584 0.495 0.615
w/o Rec 0.921 0.799 0.439 0.566
w/o All 0.618 0.475 0.402 0.372

tion mechanism, and all temporal training. Most
variant results fall in regions where the full Time-
Sense structure performs better, indicating that the
complete design achieves the strongest overall per-
formance. Although some variants outperform the
full model in limited cases, different variants ex-
hibit distinct performance patterns, and none con-
sistently surpass the full TimeSense structure.

7 Conclusion

We presented EvalTS, a diagnostic benchmark
for open-generation text–time series reasoning,
and showed that existing multimodal LLMs strug-
gle with fine-grained temporal understanding and
compositional reasoning. To address the text-
dominated optimization underlying these limita-
tions, we proposed TimeSense, a fusion-then-
decoupling framework that first integrates temporal
and textual information within a shared language-
model backbone and then decouples temporal hid-
den states for direct temporal supervision. This
design enables reconstruction-based supervision
to preserve temporal information without treating
reconstruction as a standalone modeling objective.
Experiments on EvalTS and external benchmarks
demonstrate consistent improvements in temporal
reasoning. Overall, our results suggest that explic-
itly structuring how temporal information is fused,
supervised, and retained provides an effective di-
rection for text–time series multimodal learning.
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8 Limitation

EvalTS is a controlled synthetic benchmark de-
signed to systematically evaluate temporal reason-
ing in multimodal LLMs. Although this design
enables fine-grained control over task complexity
and temporal structure, it does not fully capture
the variability and noise of real-world time series
data, such as irregular sampling, missing values,
and domain-specific semantics.

In addition, TimeSense is primarily evaluated
on the Qwen2.5 model family. Its effectiveness on
other LLM architectures and larger-scale settings
remains to be further studied.

Finally, while TimeSense improves text-time
series multimodal reasoning, the current study
does not evaluate high-stakes real-world applica-
tions such as medical or industrial decision-making.
Additional validation on real-world datasets and
expert-defined tasks is necessary before deploy-
ment in such settings.

9 Ethics Statement

This work studies text-time series multimodal rea-
soning under controlled research settings. EvalTS
is intended solely for research evaluation and
should not be interpreted as evidence that a model
is suitable for clinical, financial, industrial, or other
high-stakes applications without additional domain-
specific validation and human oversight.

The benchmark and experiments are constructed
using synthetic or publicly available research data
and open-source software under their respective
licenses and access conditions. We do not collect
or release personally identifiable information. Eval-
uation samples and generated task instances were
manually reviewed to reduce annotation errors and
inappropriate content.

Because this work relies on large language mod-
els, model outputs may still reflect biases, inaccu-
racies, or misleading temporal correlations inher-
ited from pretraining data. AI-assisted tools were
used for limited writing and editing support, and
all technical content and experimental claims were
reviewed by the authors.
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A Responsible Research Details

A.1 Artifacts, Licenses, and Intended Use

This work uses and creates scientific artifacts. We
create EVALTS, the ChronGen generation proce-
dure, and the TIMESENSE model/training recipe.
We also use external benchmarks and models,
including TimeMQA (Kong et al., 2025), BED-
Time (Sen et al., 2025), TimeSeriesExam (Cai
et al., 2024), ChatTime (Wang et al., 2025a),
ChatTS (Xie et al., 2025), ITFormer (Wang et al.,
2025b), Qwen2.5-family models, and LLAMAFAC-
TORY (Zheng et al., 2024). Their creators are cited

in Sections 2, 5, and 6 where the artifacts are intro-
duced or used.

EVALTS is intended solely for research evalua-
tion of text-time series reasoning under controlled
synthetic settings. Performance on EVALTS should
not be interpreted as evidence of suitability for clin-
ical, financial, industrial, or other high-stakes ap-
plications without additional domain-specific eval-
uation and validation. We do not redistribute third-
party benchmarks, model checkpoints, or software
artifacts beyond their original licensing and access
conditions.

A.2 Data Content, Privacy, and
Documentation

EVALTS consists of synthetic numerical time series
and templated English task descriptions generated
by ChronGen. To the best of our knowledge, it does
not contain names, contact information, user identi-
fiers, demographic attributes, social-media content,
or other personal data. The text templates describe
temporal phenomena such as trends, spikes, change
points, and anomaly rules, and do not contain inten-
tionally offensive content. We manually inspected
the templates and example outputs used in the paper
for personally identifying information and offen-
sive content. For third-party benchmarks, we rely
on the original artifact creators’ documentation and
use them only for research evaluation.

The benchmark documentation in section 5 de-
scribes the task taxonomy, dimensionality, answer
formats, and train/evaluation separation. Addi-
tional train/evaluation split controls include dif-
ferent ChronGen parameters and seeds, Pearson-
similarity filtering at a threshold of 0.9, a sam-
pled train/evaluation mean Pearson correlation of
0.4999, and a Wasserstein distance of 0.706. Ad-
ditional examples and implementation details are
provided in Appendix E.

A.3 Computational Experiment Details
The computational experiments use multimodal
LLMs, text-only LLMs, vision-language models,
and time series baselines. Model sizes, training-
time parameters, inference-time parameters, wall-
clock training time, and 300-sample inference time
are reported in Section 6. Training uses 8 A800
GPUs. The reconstruction decoder is used only
during training and is removed at inference.

The main hyperparameters are reported in Sec-
tion 6: per-device batch size 1, gradient accumu-
lation 32, learning rate 10−5, warmup ratio 0.02,
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300 warm-up finetuning steps, and 1200 joint fine-
tuning steps. Patch length and reconstruction-
weight sensitivity are also reported in Section 6.
Open-generation EvalTS answers are parsed with
Qwen2.5-32B-Instruct only to extract structured
fields; deterministic rule scripts compute the final
score. The parser/scorer was manually verified on
500 examples.

A.4 Human Validation Protocol

Human validation is limited to checking the EvalTS
answer-extraction and rule-scoring pipeline on syn-
thetic examples. Annotators were shown the gen-
erated question, the reference answer or reference
feature fields, the model output, and the parser-
extracted fields. They were instructed to mark
whether the extracted fields preserved the answer
needed by the deterministic scorer and to correct
the fields when extraction failed. The task did not
collect personal or demographic information from
annotators.

No crowdworker-generated text is used as train-
ing or evaluation data. The validation was con-
ducted by members of the research team familiar
with the tasks. Because the task involved valida-
tion of synthetic examples and model outputs rather
than collection of personal or sensitive data, no con-
sented personal dataset is created by this step.

A.5 Potential Risks and AI-Assistant Use

Potential risks are discussed in Section 8. The
main risk is over-interpreting performance on a
controlled synthetic benchmark as evidence of ro-
bustness in real deployments. Time series deci-
sions in healthcare, finance, transportation, or in-
dustrial monitoring may require calibrated uncer-
tainty, domain expertise, and safety constraints that
are outside the scope of this paper. The system can
also produce fluent but incorrect explanations if
deployed without task-specific validation.

AI assistants were used during writing and revi-
sion for language editing, LaTeX editing, checklist
organization, and summarizing reviewer concerns.

B EvalTS Results Table

B.1 Comparative Performance Overview

As illustrated in Table 5, our proposed model
achieves better performance across evaluated tasks
and dimensions in our experiments. It maintains
a significant performance margin over both spe-
cialized time series baselines and general-purpose

large language models (LLMs). Specifically, in
tasks requiring high-precision localization such
as extreme and trend, TIMESENSE reaches near-
optimal accuracy, demonstrating its superior capa-
bility in capturing both local anomalies and long-
term temporal dependencies.

B.2 Task-Specific Observations

Robustness in Extremum and Trend Detection:
TIMESENSE exhibits exceptional stability in the
extreme task, where it outperforms all baseline
models by a substantial margin. While compet-
itive models like GPT5 and QWEN2.5-INSTRUCT

show varying degrees of success, they fail to match
the consistency of TIMESENSE across multiple di-
mensions.

Localization Tasks: In the change_point and
spike tasks, vision-language variants such as
GPT5-VL demonstrate competitive results, often
emerging as the second-best performers. However,
TIMESENSE still retains the lead, particularly in
higher-dimensional settings, highlighting the ef-
ficacy of its architectural design in handling in-
creased temporal complexity.

B.3 Scalability Across Dimensions

A critical observation from the experimental results
is the performance trend as the input Dimension in-
creases. While several baseline models experience
performance degradation or significant fluctuations
when moving from lower to higher dimensions,
TIMESENSE exhibits remarkable invariance. Its
performance remains consistently high across all
four dimensions, indicating that the model success-
fully learns dimension-agnostic temporal features,
which is essential for scaling to real-world multi-
variate time series data.

B.4 Comparison with Vision-Language
Models

The results underscore a performance gap be-
tween specialized temporal models and visual-
modality-based models. Although GPT5-VL and
QWEN2.5-VL leverage visual representations to
interpret time series data, they struggle with granu-
lar tasks like extreme detection compared to the di-
rect temporal feature extraction approach of TIME-
SENSE. This validates our hypothesis that ded-
icated temporal modeling is more effective than
translating sequences into the visual domain for
high-precision analytical tasks.
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C Additionally Visualization of Temporal
Embeddings

Figure 10: Visualization examples of temporal em-
beddings from variants models on different EvalTS
tasks. The upper row shows embeddings from the model
trained without joint training, while the lower row shows
embeddings from the model trained with joint training.

As illustrated in Figure 10, we present a com-
parative visualization of temporal embeddings gen-
erated by models trained with and without joint
training across various EvalTS tasks. The results
indicate that models trained with joint training pro-
duce temporal embeddings that more finely capture
the nuances of different segments within the time
series. This suggests that joint training facilitates
the learning of more comprehensive temporal fea-
tures, thereby enhancing the model’s performance
in multimodal time series understanding and rea-
soning tasks.

D Theoretical Analysis

D.1 Incomplete Temporal Embedding:
Subset-only Representations Imply
Irreducible Reconstruction Error

Setup and notation. Let X ∈ RD×L and write
its vectorization as x := vec(X) ∈ X ⊂ Rm
with m := DL, where X is a bounded domain
representing the data support. For any index subset
S ⊆ {1, . . . ,m}, let ΠS : Rm → Rm denote
the coordinate projection that keeps entries in S
and zeros out entries in Sc. Let H(ts) : Rm →
Rq denote the hidden time series representation.
A subset-only representation means there exists a
measurable function g such that

H(ts)(x) = g(ΠSx), ∀x ∈ X . (17)

Table 5: Results across different dimensions

Task Dimension TimeSense TimeMQA ChatTS GPT5 GPT5-VL Qwen2.5-Instruct Qwen2.5-VL

change_point

1 0.967 0.447 0.383 0.320 0.800 0.593 0.487
2 0.848 0.227 0.490 0.250 0.714 0.237 0.259
3 0.855 0.259 0.529 0.405 0.552 0.276 0.227
4 0.858 0.282 0.439 0.300 0.575 0.294 0.250

extreme

1 1.000 0.667 0.310 0.990 0.425 0.937 0.297
2 1.000 0.569 0.172 1.000 0.271 0.860 0.262
3 1.000 0.535 0.188 0.955 0.167 0.832 0.299
4 1.000 0.505 0.161 0.933 0.117 0.760 0.282

spike

1 0.960 0.233 0.887 0.900 0.790 0.467 0.787
2 0.896 0.335 0.245 0.941 0.763 0.462 0.750
3 0.919 0.375 0.291 0.822 0.778 0.505 0.818
4 0.886 0.381 0.290 0.727 0.802 0.530 0.710

trend

1 1.000 0.742 0.960 0.913 0.970 0.930 0.943
2 0.989 0.661 0.911 0.844 1.000 0.839 0.933
3 0.993 0.620 0.906 0.761 0.929 0.822 0.909
4 0.998 0.534 0.847 0.829 0.857 0.833 0.802

Let Dec : Rq → Rm be an arbitrary decoder.
[Subset-only representation yields a non-

vanishing minimax reconstruction lower bound]
Assume H(ts) is subset-only in the sense of
Eq. (17). Define the subset diameter relative to
the domain X :

cS :=
1

2
sup

{
∥x− x′∥2 : x, x′ ∈ X ,

ΠSx = ΠSx
′
}
.

(18)

Then for any decoder Dec,

sup
x∈X

∥∥Dec(H(ts)(x))− x
∥∥
2
≥ cS . (19)

In particular, if there exist x, x′ ∈ X with ΠSx =
ΠSx

′ but x ̸= x′, then cS > 0 and the reconstruc-
tion error cannot vanish.

Fix any decoder Dec. Consider any pair x, x′ ∈
X with ΠSx = ΠSx

′. By the subset-only prop-
erty, H(ts)(x) = g(ΠSx) = g(ΠSx

′) = H(ts)(x′).
Consequently, the decoder outputs coincide: x̂ :=
Dec(H(ts)(x)) = Dec(H(ts)(x′)). By the triangle
inequality,

∥x− x′∥2 ≤ ∥x− x̂∥2 + ∥x̂− x′∥2
≤ 2max

{
∥x− x̂∥2, ∥x′ − x̂∥2

}
.

Thus, supu∈{x,x′} ∥Dec(H(ts)(u))−u∥2 ≥ 1
2∥x−

x′∥2. Taking the supremum over all such pairs
(x, x′) yields Eq. (19).

D.2 Unimodal Bias: Joint Objective Restores
Gradient Visibility

Setup. Let Tts = Tokϕ(X) be the time series
token sequence. Consider the joint finetuning ob-
jective:

Ljoint(θ, ϕ, ψ) = Ltxt(θ, ϕ)
+ λLts(θ, ϕ, ψ), λ > 0.

(20)

We analyze gradients with respect to ϕ. We treat
gradients∇ as row vectors to align with the Jaco-
bian notation J = ∂(·)/∂(·).
Assumption (Non-degenerate reconstruction
head). We assume the reconstruction head is lo-
cally non-degenerate on the reachable manifold:
there exists µ > 0 such that for all reachable em-
beddings u, σmin(JDecψ(u)) ≥ µ.

[Joint objective eliminates TS-ignored stationary
points] Fix (θ, ψ). Assume there exists ϕ⋆ such
that∇TtsLtxt(θ, ϕ⋆) = 0 (locally insensitive to TS
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tokens). If Lts(θ, ϕ⋆, ψ) > 0 and the parameteriza-
tion ϕ 7→ Tts has a Jacobian of full row rank at ϕ⋆,
then ϕ⋆ is not a stationary point of Ljoint.

By the chain rule, the gradient of the joint objec-
tive is:

∇ϕLjoint =
(
∇TtsLtxt + λ∇TtsLts

) ∂Tts
∂ϕ

. (21)

At ϕ⋆, since ∇TtsLtxt = 0, this simplifies to:

∇ϕLjoint = λ∇TtsLts
∂Tts
∂ϕ

.

First, we show ∇TtsLts ̸= 0. Let u := H
(ts)
θ (Tts)

and r := Decψ(u) − X . Differentiating Lts =
∥r∥22 w.r.t. u:

∥∇uLts∥2 = 2∥r⊤JDecψ(u)∥2
≥ 2∥r∥2 σmin(JDecψ(u))

≥ 2∥r∥2µ.
Since Lts > 0, we have ∥r∥2 > 0, implying
∇uLts ̸= 0. Assuming the encoder H(ts)

θ does
not collapse gradients (i.e., its Jacobian is invert-
ible or the gradient is not in its kernel), we have
v := ∇TtsLts ̸= 0.

Finally, since we assume ∂Tts
∂ϕ has full row rank

(surjective locally), there is no non-zero vector v
such that v ∂Tts∂ϕ = 0. Thus,∇ϕLjoint ̸= 0, complet-
ing the proof.

[Connection to Eq. (3)] Eq. (3) states that un-
der pure textual supervision, the time series gra-
dient diminishes once the model reaches a text-
sufficient regime. Theorem D.2 shows that adding
λLts prevents the time series module from becom-
ing gradient-invisible in such regimes unless re-
construction is already perfect, thereby mitigating
unimodal bias.

E EvalTS Implementation Details

To train and evaluate multimodal time series mod-
els on their ability to recognize and utilize vari-
ous temporal features, we propose ChronGen, a
data generator that incrementally incorporates lo-
cal features into a base trend line and annotates
these features using natural language. ChronGen
produces comprehensive representations of time
series, from which we construct question–answer
pairs by selecting and combining local features,
thereby enabling the training of models in temporal
cognition and reasoning. To thoroughly assess this
capability, we design three difficulty levels cover-
ing a total of ten types of temporal reasoning tasks,
as detailed in section 5.
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Change-oriented TS Generator

Figure 11: Time Series Generator pipeline.

E.1 Implementation

To systematically construct multimodal datasets
that align temporal dynamics with textual annota-
tions, we propose ChronGen, a CHange-awaRe
rules-OrieNted time series GENerator. As in
Figure 11, ChronGen is designed to synthesize
sequences that progressively incorporate diverse
trends while maintaining explicit textual labels for
each segment. This capability provides a controlled
environment for studying multimodal reasoning,
where both temporal evolution and natural lan-
guage descriptions are essential.

Given a target length L and the number of seg-
ments K, ChronGen first samples K − 1 change
points along the timeline, which divide the se-
quence into contiguous segments. For the initial
segment, a base trend (e.g., linear, constant, or
oscillatory) is instantiated. Each subsequent seg-
ment is generated by conditioning on the previous
trend and injecting additional variations to grad-
ually enrich the dynamics. This process yields a
piecewise-evolving time series that captures both
continuity and variability.

For every generated segment, ChronGen pro-
duces a corresponding textual annotation, which
describes the dominant trend (e.g., “increasing
steadily,” “plateau rising,” “decreasing sharply”).
These annotations serve as aligned labels, ensuring
that each temporal unit has a semantic description
that can be leveraged in downstream multimodal
learning. As a result, ChronGen provides a flexible
and interpretable way to generate synthetic data
that balances temporal complexity with linguistic
clarity.

ChronGen-generated training examples cover
the Atomic, Molecular, and Compositional levels
in a 5:3:2 ratio.

E.2 QA Template

In this section, we provide illustrative examples of
the data generation procedure described in subsec-
tion E.1. The Question and Answer components
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are used for SFT training, where the temporal in-
formation is extracted into a dedicated time series
modality that serves both as input and as the re-
construction target. The Feature component high-
lights the internal design of ChronGen, including
the step-by-step generation of change points, the
trend patterns associated with the segments defined
by these change points, and optional spike values
that capture abrupt local variations.

Question
Given multiple time series:

TS1                                            TS2                                             TS3

Based on prior knowledge, anomalies are typically indicated when Series 2 begins to increase 
while Series 3 starts to decrease.
Furthermore, if Series 2 accelerates its upward trend and Series 3 slows down until reaching a 
new steady state, this suggests a worsening of the anomalous condition.

According to these anomaly rules, diagnose the given time series and determine whether any 
anomalies are present.

Answer
According to the observed information, all three time series exhibit trend changes at point 24 
and point 68, suggesting that external factors may have caused the simultaneous changes.
Between point 24 and point 68, Series 2 changes from a stable state to an upward trend, while 
Series 3 changes from stable to downward, which matches the definition of an anomaly.
After point 68, Series 2 accelerates its upward trend, while Series 3 decreases until reaching a 
new steady state, which matches the definition of a deepened anomaly.

Feature

TS 1
- Change Points: [24, 68]
- Trends: [increase, stable, increase]
- Spike: []
- ... 
TS 2
- Change Points: [24, 68]
- Trends: [stable, increase, accelerated 
increase]
...
TS 3
- Change Points: [24, 68]
- Trends: [decrease, accelerated decrease, 
stable]
...
Anomaly Rules:
- Rule1: [none, increase, decrease]
- Rule2: [none, accelerated Increase, stable]

Figure 12: Examples of training datasets

E.3 Data Generation Code

The generator produces a piecewise time series
by first splitting the timeline into K segments.
Each segment starts with a base trend Ti, and
richer dynamics are introduced by iteratively
applying change functions (e.g., point_change,
segment_change). Each change is immediately
recorded in a feature array F and simultaneously
converted into a textual annotation via a text tem-
plate function. This ensures that every incremental
modification to the time series has a corresponding
annotation, providing fine-grained supervision for
both numerical trends and textual descriptions.

E.4 EvalTS examples

In this section, we present examples for the ma-
jority of the tasks. The question represents the
multimodal input directly fed into the model, while
the answer feature serves as the reference for evalu-
ation. We first extract the corresponding predicted
feature from the model’s output using a large lan-
guage model (LLM), and then perform a one-to-
one comparison between the predicted and refer-
ence features to compute the evaluation accuracy.

In a manual audit of 500 randomly sampled re-
sponses, the extracted fields agreed with human
extraction in 499 cases. In the sole disagreement,
“point 50–55” was extracted as point 50, while the
reference answer was point 18. Both interpreta-
tions were therefore incorrect, and the final score
was unchanged.

Algorithm 1 Change-oriented Time Series Genera-
tor with Incremental Annotation
Require: time length L, number of segments K
Ensure: time series X with text annotations Y

and feature array F
1: Initialize empty sequence X ← [], feature ar-

ray F← [], annotation set Y ← []
2: Randomly sample K − 1 change points within

[1, L]
3: Split timeline into segments {S1, S2, . . . , SK}

4: for i = 1 to K do
5: Generate base trend Ti
6: Initialize segment sequence Si ← []
7: Initialize segment annotation Yi ← []
8: Iteratively construct variation ∆Ti:
9: while more changes to apply do

10: Sample a change operation change ∈
{point_change, segment_change, . . . }

11: Update segment: Si ← Si +
change(Si, Ti−1)

12: Record feature: F← F ∪ {change}
13: Generate textual annotation: y ←

text_template(change)
14: Append y to Yi
15: end while
16: Append segment Si to X
17: Append segment annotations Yi to Y
18: end for
19: return X, Y, and feature array F

F Training Details

Both stages employed identical training hyperpa-
rameters except training steps. We performed
full-parameter supervised fine-tuning (SFT) using
DEEPSPEED and LLAMAFACTORY (Zheng et al.,
2024) on a single machine with 8×A800 GPUs.
The detailed hyperparameters are summarized in
Table 6. The training loss curves and reconstruction
visualizations are presented in Figure 14 , which
demonstrates that the two-stage training enables the

Extreme
Question:
Given a time serie with length 
336:

What’s the maximum value in this 
time series?

Answer Feature: 
67.82

Spike
Question:
Given a time serie with length 322:

Is there any spike in this time serie? 
If yes, detect the positions of the 
spikes

Answer Feature: 
207

Trend
Question:
Given a time serie with length 102:

Identify the overall trend of the 
time series (increase, decrease, or 
stable).

Answer Feature: 
Increase

Change Point
Question:
Given a time serie with length 311:

Does this time series contain any 
change points? If so, identify their 
locations.

Answer Feature: 
112

Segment
Question:
Given a time serie with length 328:

If we define a change point as the intersection between 
two segments with clearly different trends, please list all 
the change points in this time series in order.

Answer Feature: 
[55, 75, 135, 155, 211]

Comparison
Question:
Given two time series of length 320, 

Time Series A: 

and Time Series B:. 

Does Time Series B contain any segments that are 
noticeably different from Time Series A? If so, specify 
the interval(s) by indicating the starting and ending 
points.

Answer Feature: 
[130, 200]

Relative
Question:
Given a time serie with length 60:

The time series has a change point at the 20th data 
point. What is the trend of the first segment—rising, 
falling, or stable? How does the trend of the second 
segment compare to the first—accelerated, decelerated, 
abrupt change, or a new steady state?"

Answer Feature: 
[increase, accelerated increase]

Anomaly Detection
Question:
Given multiple time series as follows, each of length 220:
Time Series 1: ...
Time Series 2: ... 
Time Series 3: ...

Under normal conditions, the time series remain stable with occasional 
spikes. During abnormal conditions, a consistent anomaly occurs 
throughout a given interval. The type of anomaly differs across series: 
upward anomalies indicate values above normal, and downward 
anomalies indicate values below normal. Note that even if there is a 
level shift, it is considered normal unless it meets the criteria for an 
anomaly.

Please determine which time series exhibit anomalies in the interval 
from point 60 to point 102, and indicate whether the anomaly is upward 
or downward. The anomaly rules for each series are as follows:

Series 1: values below normal are considered anomalous
Series 2: values below normal are considered anomalous
Series 3: values above normal are considered anomalous
Series 4: values below normal are considered anomalous
Series 5: values above normal are considered anomalous

Answer Feature: 
Anomalies Info: {"index": 0,"direction": "decrease"},{"index": 1,"direction": 
"decrease"},{"index": 2,"direction": "increase"},{"index": 3,"direction": 
"decrease"},{"index": 4,"direction": "increase"}

Figure 13: EvalTS examples
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model to better incorporate the time series modal-
ity during training and successfully reconstruct the
input time series, respectively.

Table 8 reports measured cost on 300 samples.
TimeSense is slower than ChatTS because it carries
reconstruction supervision during training, but it
remains far faster than text-only numerical serial-
ization with Qwen2.5 at inference.

Table 6: Training hyperparameters used in warm-up
stage and joint finetuning stage.

Hyperparameter Warm-Up Finetuning Joint Finetuning

Per-device train batch size 1 1
Gradient accumulation steps 32 32
Maximum training steps 300 1200
Learning rate 1e-5 1e-5
Warmup ratio 0.02 0.02
GPUs 8 × A800 8 × A800

TS LOSS
TEXT LOSS

TS LOSS
TEXT LOSS

TS LOSS
TEXT LOSS

Figure 14: Training loss curves for single-stage training
(left) and two-stage training (right).

G Model Output Examples

Question
Given multiple time series, whereTime series 1 is a time series of length 64:<ts><ts/>;, Time series 2 is a 
time series of length 64:<ts><ts/>;, Time series 3 is a time series of length 64:<ts><ts/>;, Time series 4 is a 
time series of length 64:<ts><ts/>;. Please answer in order whether each time series contains a spike. If so, 
at which point does the spike occur?  If so, at which point does the spike occur? Also, please indicate the 
direction of the spike.

Answer
[[], [41], [25], []]

TimeSense: 1.00
The analysis of each time series is as follows:
Time series 1 has no spikes.
Time series 2 has a spike at point 41, with a upward direction.
Time series 3 has a spike at point 25, with a upward direction.
Time series 4 has no spikes.
TimeMQA: 0.00
....
To summarize:
- **Time Series 1**: No spike.
- **Time Series 2**: Spike at 64.947 (Sudden Increase).
- **Time Series 3**: Spike at 52.62 (Sudden Increase).
- **Time Series 4**: No spike. 
ChatTS: 0.50
No, the first time series does not contain a spike. No, the fourth time series does not contain a spike either. 
However, the second time series contains an upward spike between point 39 and point 41, with the time series 
value rapidly rising from around 13.88 to around 59.66 and then quickly falling back to around 15.58. Similarly, the 
third time series also contains an upward spike between point 21 and point 23, with the time series value rapidly 
rising from around 13.53 to around 52.81 and then quickly falling back to around 13.53.
GPT5: 1.00
Time series 2 has a spike at point 41.
Time series 3 has a spike at point 25.
GPT5_VL: 1.000
Series 2: Yes, upward spike at t = 41. Series 2: Yes, upward spike at t = 25.
Qwen2.5-Instruct:  0.750
### Summary
- **Time Series 1**: No spike.
- **Time Series 2**: Spike at index 35 (value 64.947), direction: upward.
- **Time Series 3**: Spike at index 24 (value 52.62), direction: upward.
- **Time Series 4**: No spike.
Qwen2.5-VL: 1.000
**Time Series 2**:

- **Contains a Spike**: Yes.
- **Location and Direction**: The spike occurs around time step 40. It is an upward spike (increase).

**Time Series 3**:
- **Contains a Spike**: Yes.
- **Location and Direction**: The spike occurs around time step 25. It is an upward spike (increase).

Figure 15: Model output examples on EvalTS bench-
mark: Spike Task.

Table 7: Statistics of the training data used for Time-
Sense.

Source ChronGen ChatTS Align ChatTS SFT ChatTS IFT ChatTime Total

# Samples 100,000 5,000 5,000 5,000 5,000 120,000

Table 8: Training and inference overhead.

Model Train Params Train Time Infer Params Infer Time

TimeSense 14.981B 1d 6h 38m 14.876B 16m 34s
ChatTS 14.864B 1d 2h 51m 14.864B 14m 56s
Qwen2.5 14.2B – 14.167B 261m 40s
GPT5 – – – 134m 50s

H More Ablation Studies

Table 9 reports the robustness of TimeSense under
increasing sequence lengths. Performance remains
stable within the training regime up to length 512,
but deteriorates noticeably beyond that range. In
particular, segment accuracy drops from 0.821 at
length 512 to 0.674 and 0.533 at lengths 1024 and
2048, respectively.

Table 10 illustrates the influence of patch length
on different temporal reasoning tasks. Smaller
patches preserve fine-grained local dynamics and
therefore achieve strong performance on spike and
segment localization. However, excessively small
patches weaken relational understanding, as re-
flected by the poor Relative score at patch length
4. In contrast, larger patches provide broader tem-
poral context but significantly impair local event
localization, with spike and segment scores collaps-
ing at patch length 32. These results reveal a clear
precision–context trade-off governed by the patch
granularity.

Table 11 studies the effect of the reconstruc-
tion weight λ during Stage-II training. Introducing
reconstruction supervision consistently improves
temporal preservation compared with very small
weights, but the relationship is not monotonic.
Moderate values around λ = 1.0 achieve the
best balance between spike and segment reasoning.
When the weight is too small, temporal structure is
insufficiently preserved, whereas overly large val-
ues begin to interfere with instruction tuning and
reduce downstream robustness.

Table 9: Length stress evaluation. Segment accuracy
declines as sequence length exceeds the training range.

Length 24 64 128 256 512 1024 2048

Segment Acc. 0.959 0.987 0.904 0.899 0.821 0.674 0.533
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LLM Parser Prompt
Model response: {model response}

Convert the model response into one JSON object that 
answers the time-series task.
Preserve every reported index, value, direction, trend label, 
and list order.
Return JSON only. Do not add an explanation.

Expected answer schema: {schema}

Figure 16: Parser prompt.

Table 10: Effect of patch length on downstream tasks.

Patch Spike Segment Relative AD

4 0.970 0.904 0.437 0.653
8 0.960 0.940 0.856 0.718
16 0.823 0.890 0.554 0.733
32 0.320 0.199 0.567 0.703

Table 11: Sensitivity to the Stage-II reconstruction
weight λ.

λ Spike Segment

0.1 0.733 0.615
0.5 0.803 0.908
1.0 0.960 0.940
2.0 0.983 0.866
5.0 0.910 0.843
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