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Abstract

Recently, there has been growing interest in incorporating textual information into foundation
models for time series forecasting. However, it remains unclear whether and under what
conditions such multimodal text integration consistently yields gains. We systematically
investigate these questions across a diverse benchmark of 16 forecasting tasks spanning 7
domains, including health, environment, and economics. We evaluate two popular mul-
timodal forecasting paradigms: aligning-based methods, which align time series and text
representations; and prompting-based methods, which directly prompt large language models
for forecasting. Our findings reveal that the benefits of text integration are highly condition-
dependent. While we confirm reported gains in some settings, these improvements are not
universal across datasets or models. To move beyond empirical observations, we disentangle
the effects of model architectural properties and data characteristics, drawing data-agnostic
insights that generalize across domains. Our findings highlight that on the modeling side,
incorporating text information is most helpful given (1) high-capacity text models, (2)
comparatively weaker time series models, and (3) appropriate aligning strategies. On the
data side, performance gains are more likely when (4) sufficient training data is available and
(5) the text offers complementary predictive signal beyond what is already captured from
the time series alone. Our study offers a rigorous, quantitative foundation for understanding
when textual context can be expected to aid forecasting tasks, and reveals that its benefits
are neither universal nor always aligned with intuition.

1 Introduction

Time series forecasting increasingly seeks to improve predictive accuracy by combining time series data with
auxiliary textual sources, such as clinical notes (Kim et al., [2024), product descriptions (Skenderi et al., 2024]),
or weather reports (Liu et al.| [2024b)). Such text exhibits varying degrees of semantic alignment, ranging from
loosely coupled multi-source inputs (e.g., news events affecting stock prices) to tightly aligned descriptions of
the same underlying phenomena (e.g., clinical notes describing patterns observed in vital sign measurements).
We refer to this setting as multimodal time series (MMTS) forecasting, and focus specifically on text as the
auxiliary modality, which represents the most actively studied research direction in this area.

Recent studies (Liu et al., [2024b} [Cao et al., |2023; [Wang et al.| 2024; Williams et al.| 2025; |Zhang et al.|
2024bza) have proposed various MMTS methods, motivated by the intuition that contextual text can enhance
the predictive signal beyond what is captured in the time series alone. Existing MMTS approaches fall into
two broad categories: aligning-based methods and prompting-based methods. Aligning-based methods jointly
encode time series and associated text by aligning their representations (Jin et al., [2023; [Liu et al., 2024c;
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Figure 1: We systematically study when MMTS is effective from modeling and data perspectives, across 16
real-world datasets covering 7 domains. Our findings highlight that MMTS is effective given (1) larger text
models, (2) weaker time series models, (3) appropriate aligning strategies, (4) sufficient training data, and (5)
complimentary text information.

Jia et al., [2024)). In contrast, prompting-based methods directly leverage pre-trained large language models
(LLMs) for forecasting by presenting time series and textual descriptions in natural language format (Williams
et al.l |2025; [ Xue & Salim| [2023; |Requeima et al., [2024).

Despite growing interest in such an area (Liu et al., |2024b} [Cao et al., 2023; Wang et al., |2024; Williams et al.,
2025; [Zhang et al., [2024b; [Liu et al., |2025), there remains a lack of systematic understanding of whether, and
under what conditions, these approaches truly enhance forecasting performance. Our work is the first of its
kind to rigorously evaluate the effectiveness of MMTS across diverse forecasting scenarios. Specifically, we
ask (RQ1):

When and how does multimodality really improve forecasting performance?

To answer this question, we conduct a comprehensive benchmark study on the above two categories of MMTS
methods across 16 multimodal datasets that span diverse domains, e.g., health, environment, energy, and
economics. In addition, we provide controlled experiments that isolate dataset-level and model-level factors,
and derive insights that generalize beyond any single dataset. From the modeling perspective, we explore:
(RQ2) How does the capacity of the text encoder affect performance? (RQ3) Does the capacity of the time
series model matter? (RQ4) How important is the design of aligning mechanisms? On the data side, we
explore: (RQ5) How do context length and training sample size influence performance? (RQ6) How does
text and time series alignment quality affect performance? Figure [I] summarizes our findings. Our findings to
the aforementioned questions either provide rigorous, quantitative validation of community assumptions or
reveal novel and less intuitive patterns that sharpen the community’s understanding of multimodal forecasting.
Both aspects facilitate the future development of more effective MMTS models.

Our main contributions are the following:

¢ Benchmarking and Rethinking MMTS. We conduct the first large-scale, systematic benchmarking
of MMTS forecasting, covering 16 datasets with two major modeling paradigms. Our findings challenge
the assumption that multimodal information inherently improves forecast accuracy, showing instead that
current benefits are highly context-dependent.

¢ Modeling Insights and Scalability Analysis. We analyze the impact of key modeling factors, including
the capacity of text and time series encoders and the choice of fusion strategy.

¢ Data Insights. We identify key data conditions where textual information enhances forecasting perfor-
mance. Through data-agnostic controlled experiments, we derive insights that generalize beyond individual
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benchmarks. Overall, our findings provide practical guidelines on when and how to incorporate text in time
series forecasting which motivate and facilitate future research on more effective multimodal approaches.

2 Related Works

MMTS forecasting aims to integrate textual context with time series signals to improve predictive performance
(see also|Liu et al.| (2025) for a broader survey). Recent work generally falls into two major modeling paradigms:
aligning-based methods and prompting-based methods. Figure [2]illustrates the differences between unimodal
forecasting, alignment-based methods, and prompting-based methods.

Aligning-Based Methods. Aligning-based approaches fuse time series and textual information through
shared or coordinated latent spaces. GPT4MTS (Jia et al., 2024)) incorporates BERT (Devlin et al.|
2019b) text embeddings as trainable soft prompts fused with temporally patched input sequences. Time-
LLM (Jin et al., |2023)) reprograms LLMs by aligning time series embeddings with textual representations.
UniTime (Liu et al., [2024¢)) learns to project diverse time series inputs into a unified latent space shared
with language models for cross-domain generalization. S2IP-LLM (Pan et al., [2024) derives semantic anchors
from pre-trained token embeddings and aligns them with time series representations via cosine similarity.
MM-TSFlib (Liu et al.| |2024b) explores combinations of different text and time series encoders within a
unified benchmark. TimeCMA (Liu et al., [2024a) aligns disentangled time series embeddings with robust
prompt-based embeddings. LeRet (Huang et al. 2024) introduces a language-empowered retentive network
that models causal dependence. Other methods propose different aligning mechanisms from joint time-series
and text predictions (Kim et all 2024), autoregressive token generation (Liu et all 2024d), to contrastive
objectives (Sun et al., |2023]), semantic anchors (Pan et al. 2024)), joint sequence-text predictions (Kim et al.|
2024), and vision-language augmentation (Zhong et al., |2025). Separately, GPTATS (Zhou et al., 2023)
repurposes a frozen pretrained LM for time series but operates without textual input. This paradigm offers
architectural flexibility, allowing for tailored encoder designs that can capture complex modality-specific
patterns and learn rich joint representations. However, such flexibility comes at the cost of increased design
complexity, and effective fusion often requires careful co-design of encoders and alignment mechanisms.
Prompting-Based Methods. Prompting-based methods take a different approach by leveraging pre-
trained LLMs in a zero- or in-context learning setting. They format both time series and textual input as
natural language prompts and rely on the LLM’s reasoning capabilities to generate predictions. Prompt-
Cast (Xue & Salim| [2023]) shows that LLMs can be used to produce numerical output for time-series forecasting
using carefully designed prompts. LLMTime (Gruver et al., 2024) also shows that models such as GPT-3 and
LLaMA-2 can surprisingly extrapolate time series in a zero-shot setting, achieving performance comparable
to or exceeding task-specific models. LLM Processes (Requeima et al.| [2024)) elicits numerical predictive
distributions from LLMs going beyond one-dimensional time series forecasting to multi-dimensional regression
and density estimation. Context is Key (Williams et al., 2025) shows that simply direct prompting the LLM
performs better than LLM Processes (Requeima et al., [2024) on paired numerical data with diverse types of
carefully crafted textual context that contain predictive signals. Prompting-based approaches leverage the
generalization capabilities and vast pre-trained knowledge of LLMs, enabling rapid adaptation to new tasks
in a zero- or few-shot manner. However, while LLMs are powerful in understanding natural language, they
often struggle with numerical reasoning and precise temporal extrapolation.

3 MMTS Formulation and Methods

We formally define the MMTS forecasting task as predicting the future values of a time series conditioned on
both historical observations and auxiliary textual information.

o Time Series. Let z1.p € RT*4 denote the observed multivariate time series of length T with d variables,
and zr41.747 € R7*% denote the future values to forecast over a horizon .

o Text. Let x € X denote an associated piece of unstructured textual information (e.g., clinical note, product
description, or weather report).

e MMTS Forecaster. The goal is to learn a MMTS forecasting function f:

p(ZT+1:T+T | Zl:TaX) = f(zl:T7X)7 f : (RTde X) — P(RTXd)a
that produces a joint distribution over future time series values.

3
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Figure 2: Comparison of unimodal (left) and two MMTS methods (middle, right): aligning-based and
prompting-based methods. Aligning-based MMTS aligns time series and text representations; and prompting-
based MMTS directly prompts LLMs for forecasting.

Aligning-Based Methods. In the aligning-based paradigm, the function f is composed of separate time
series and text encoders, as well as a fusion mechanism. Specifically, these methods define a time series
encoder ¢, : RT*% — R that maps the historical time series to a latent representation, a text encoder
¢z + X — R" that encodes the text into the same latent space, a fusion mechanism 7 : R* x R* — R”»
that combines the two modalities (e.g., via addition or concatenation), and a forecaster g : R — R7*? that
maps the fused representation to future predictions:

p(zT+1:T+T | Z.T, X) =4g (flp (¢Z (ZliT)7 ¢z(x))) .

Prompting-Based Methods. With prompting-based methods, we formally define a formatter = :
RT*4 x X — T that converts time series z1.7 and text x into a textual prompt t € 7, and we leverage an
LLM [ : T — R7*4 that generates forecast values (either directly as tokens or indirectly via extraction or
parsing of outputs):

p(zri1.747 | 217, %) = (7 (21.7, %))

4 Empirical Results

Players. For aligning-based methods, we explore aligning various unimodal time series models such as
PatchTST (Nie et al., [2022), DLinear (Zeng et all 2023)), FEDformer (Zhou et all, [2022), Informer
et al) [2021)), iTransformer (Liu et al.|2023), Chronos (Ansari et al., 2024), Time-MoE (Shi et al., ,
Moment (Goswami et al.|, 2024]), Moirai Woo et al.| (2024), Timer-XL Liu et al. (2024¢), with different text
models, e.g., BERT (Devlin et al), [2019a)), GPT-2 (Radford et all [2019)), T5 (Raffel et all [2020), Qwen-
1.5b (Yang et al.| [2024), LLaMA-7b (Touvron et all |2023). We also compare multimodal models such as
Time-LLM (Jin et al.}|2023)), TimeCMA (Liu et al., 2024a), LeRet (Huang et al.,2024) and Time-VLM
et al,[2025)). For prompting-based approaches, we consider directly prompting a wide range of LLMs (LLaMA
(Grattafiori & et al, [2024), Qwen (Qwen et al.l [2025), Mistral (Jiang et all, [2023), GPT-40-mini
et al.L 2024)), Claude [Y)) with serialized time series and accompanying text. We optimize the prompt following
CiK (Williams et al., 2025) (detailed in Appendix [B.3)), and additionally compare in-context learning and
chain-of-thought approaches in Table [I9] in Appendix More implementation details can be found at
Appendix [A] for aligning-based approaches and Appendix [B] for prompting-based approaches.

Datasets. We conduct a comprehensive study across 16 real-world datasets spanning diverse domains:
Agriculture (Liu et all [2024b)), Climate (Liu et al| [2024b)), Economy (Liu et al.,[2024b)), Energy (Liu et al.
2024b)), Environment (Liu et al.l [2024b), Health (Liu et al., [2024b)), Socialgood (Liu et al., 2024b)), Traffic (Liul
et al., [2024D)), Fashion (Skenderi et al) [2024), Weather (Kim et al) [2024), Medical (Kim et all, [2024),
PTF (Wang et al |2024), MSPG (Wang et al., 2024, LEU (Wang et al., 2024), MTWeather (Chen et al.,
2025), MTFinance (Chen et al], [2025). We summarize their detailed statistics in Table[I] Our benchmark
covers different context lengths, training data sizes and temporal granularities. It also covers both dynamic
text settings, where textual inputs are available at each time step, and static text settings, where a single
textual description is associated with the entire time series. For datasets with predefined training, validation,

Thttps://claude.ai/
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Table 1: Dataset statistics.

Dataset Name Type Train Size Val Size Test Size Context Length Prediction Length
Agriculture (Liu et al.||[2024b) Dynamic 318 45 94 24 6
Climate (Liu et al.|[2024b) Dynamic 318 45 94 24 6
Economy (Liu et al.| [2024b) Dynamic 267 38 79 24 6
Energy (Liu et al.||2024b) Dynamic 1000 138 284 24 12
Environment (Liu et al.||2024b) Dynamic 7700 1064 2173 24 48
Health (Liu et al.|[2024b) Dynamic 937 129 266 24 12
Socialgood (Liu et al.|[2024b) Dynamic 601 85 175 24 6
Traffic (Liu et al.||2024b) Dynamic 342 49 101 24 6
Fashion (Skenderi et al.|[2024) Static 3081 513 1983 1 11
Weather (Kim et al.||2024) Dynamic 2475 412 361 7 7
Medical (Kim et al.||2024) Dynamic 4575 762 706 7 7
PTF (Wang et al.|[2024) Static 7927 1321 2272 120 24
MSPG (Wang et al.| 2024) Static 7244 1207 2106 480 96
LEU (Wang et al.|[2024) Static 7968 1328 2320 240 48
MTFinance (Chen et al.| 2025) Static 1224 204 356 276 78
MTWeather (Chen et al.||2025) Static 1344 224 391 336 72

and test splits, we adopt their original partitions. For datasets without publicly available splits, we use the
last 20% of the data as the test set, the last one-seventh of the remaining data for validation, and the rest
for training. For the Fashion dataset, we use data from the Autumn-Winter 2017, Autumn-Winter 2018,
Spring-Summer 2017, and Spring-Summer 2018 seasons for training and validation (with the last one-seventh
used for validation), and data from the Autumn-Winter 2019 and Spring-Summer 2019 seasons for testing.

Fach dataset is standardized using the mean and standard deviation computed from its training set, and we
report the errors in the normalized space. We observed that some baseline implementations discard samples
from the final batch; for consistency, we keep all data including those in the last batch across all evaluated
methods. Additionally, certain datasets include prior statistics about the underlying data distributions. To
ensure a fair and uniform evaluation across datasets, and to isolate the contribution of text information, we
exclude such prior statistics during training and evaluation.

Evaluation Metrics. We report Mean Squared Error (MSE) and Mean Absolute Error (MAE) for point
forecasts. For models capable of probabilistic forecasting, we additionally report Weighted Quantile Loss
(WQL) (Ansari et al. [2024) and Continuous Ranked Probability Score (CRPS) (Williams et al., 2025;
Gneiting & Rafteryl 2007)).

Overview. We begin by addressing the central question: Are MM TS models consistently effective? Contrary
to common expectations or beliefs in the community, we find that multimodal integration does not universally
lead to improved performance. Beyond an overview of the current landscape, the following sections examine
architectural design, alignment strategies, and dataset characteristics. Our findings, either confirming
community assumptions or revealing less obvious patterns, yield insights that generalize beyond current
datasets on when multimodality aids forecasting.

4.1 Are MMTS models consistently effective? (RQ1)

MMTS models do not consistently outperform the strongest unimodal baselines. Despite the
growing enthusiasm around integrating text and time series for forecasting, our systematic evaluation in
Table [2| reveals that simply incorporating textual context does not universally lead to better predictive
performance. In fact, across our 16-dataset benchmark, unimodal models perform the best on 6 datasets in
terms of MSE and 7 datasets in terms of MAE. We conduct a paired Student’s ¢-test comparing unimodal and
aligning-based Chronos, yielding p-values of 0.789 for MSE and 0.247 for MAE, indicating that the differences
are not statistically significant. Due to space limits, we present additional results in Table [9] and Table
(Appendix [C)) for aligning-based methods, and in Table [19] and Table [21] (Appendix @ for prompting-based
methods, which confirm the same trend. This suggests that MMTS methods do not universally lead to better
performance, and the observed gains depend on specific modeling choices and data characteristics.



Published in Transactions on Machine Learning Research (07/2026)

Table 2: Main forecasting results across datasets. Models are grouped into: Unimodal (trained solely on time
series), Aligning- (time-series + text alignment), and Prompting-based (directly prompting with pre-trained
LLMs) methods. WQL and CRPS results can be found at Table in Appendix. We also detail benchmarking
results for more aligning- (Table [9] Table Table in Appendix and prompting-based methods
(Table Table [21{ in Appendix |D]). Winner/runner-up in green / blue
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MSE 0.216 0.704 0.161 0.217 0.675 0.167 0.249 0.152 0.118 0.113 0.153 0.123 0.137

Agriculture (Liu et al.|[2024b) ’ —
MAE 0.304 0.598 0.258 0.315 0.577 0.299 0.336 0.269 0.229 0.227 0.253 0.243 0.244

MSE 1.142  0.956  1.200 1.147  0.949 1.077 1.127 | 1.913  1.468 1.265 1.786 1.519 1.733
MAE | 0.856  0.783  0.876 0.857 0.779 0.830  0.858 1.100  0.983 0.900  1.066 1.000 1.051
MSE 0.013 0.069  0.061 0.016  0.045 0.153  0.016 | 0.053  0.036 0.053  0.057  0.039 0.040
MAE | 0.091 0.210 0.200 | 0.099  0.166 0.344  0.103 | 0.179  0.153 0.184 0.186  0.162 0.159
MSE 0.108  0.098  0.112 0.107  0.097 0.138  0.102 | 0.131  0.125 0.139 0.144  0.137  0.131
MAE | 0.234  0.225  0.240 0.229  0.224  0.260  0.221 | 0.240  0.232 0.245  0.247  0.242 0.240
MSE 0.486 0.475 0466 | 0.484  0.473 0.422 0490 | 2.895 1.112 1.256 1.468  0.641 0.710
MAE | 0.500  0.531 0.486 | 0.499 0.530  0.488  0.499 | 0913  0.699 0.788  0.807  0.568 0.592
MSE 2.168 1.443 1.169 | 1.532 1.460 1.370  1.271 | 3.300  2.536 3.427 4326 3.897  3.338
MAE | 0.842 0.809  0.676 | 0.761 0.821 0.833  0.734 | 1.096  0.947 1.045 1.100 1.218 1.218
MSE 0.863 1.030  0.914 0.863 1.013 0.957 1.019 1.078  0.810 0.678 0.866  0.908 0.788
MAE | 0.376 0.437 0.453 0.376 0.434 0460 0.439 | 0533 0431 0378  0.461  0.500 0.416
MSE 0.147 0.153  0.182 0.147 0.152  0.180  0.162 | 0.419  0.262 0.275 0359  0.311 0.232
MAE | 0.206 0.200 0.259 0.206  0.204 0.244  0.237 | 0477  0.360 0.362  0.458  0.408 0.278
MSE 0.525 0.474 0.485 0.524 0.474 0482 0.513 | 0.607  0.566 0.539  0.642  0.552 0.598
MAE | 0.523 0.515  0.468 | 0.523 0.516  0.472  0.511 0.508  0.487 0486  0.550  0.480 0.507
MSE 0.175 0.169 0.184 0.178 0.169 0.248  0.172 | 0.289  0.241 0.253  0.295  0.227  0.257
MAE | 0315 0.314 0.325 0.319 0.314 0379  0.315 | 0.397  0.360 0.373  0.403  0.358 0.374
MSE 0.530  0.696  0.596 | 0.521  0.694  0.497 0.527 | 1.083  0.712 0.688  0.765  0.642 0.718
MAE | 0.514  0.624  0.565 | 0.511  0.624 0.503 0.513 | 0.603  0.572 0.571  0.601  0.554 0.575
MSE 0.100  0.134  0.110 0.099 0.120 0.089  0.088 | 0.886  0.519 0.618 1.305  0.738 0.287
MAE | 0.173 0227  0.167 | 0.174  0.215 0.162 0.189 | 0.670  0.479 0.538  0.808  0.647  0.323
MSE | 0.324 0415  0.365 0.363  0.408 0.300 0.353 | 2.635 1.165 2.731 2.879 1.488 0.873
MAE | 0.229 0.227  0.217 | 0.251 0.226 0.198 0.244 | 0.535 0.416 0.717  0.610  0.539 0.425
MSE 0.504  0.497  0.522 0.504 0495 0.513 0.490 | 1.543  0.822 0.811 1.185  0.890 0.787
MAE | 0.381 0.382  0.350 | 0.386  0.382 0.339 0.371 | 0.603  0.452 0.465  0.568  0.498 0.482
MSE | 0003 0.002 0.002| 0.060 0.002 0.004 0005 | 0.006 0.002 0.004 0015 0.002 0.002
MAE | 0.014 0.014 0.018 0.051 0.015 0.023  0.020 | 0.026 0.013 0.023 0.062 0.013 0.016
MSE 0.210  0.203  0.209 0.204  0.202 0220 0.187 | 2.179  0.623 0.846  3.481 0.558 2.110
MAE | 0.346 0.338  0.347 0.342  0.337  0.351 0.325 | 0.920 0.718 0.651 1.198  0.574 0.923
MSE 0.470 0470  0.421 | 0.435  0.464 0426 0423 | 1.198  0.695 0.856 1.233  0.792 0.796
MAE | 0.369 0.402 0.369 | 0.369 0.398 0.387  0.370 | 0.567  0.471 0.497  0.586  0.500 0.489

Climate (Liu et al.||2024b)

Economy (Liu et al.||2024b)

Energy (Liu et al.|[2024b)

Environment (Liu et al.||2024b)

Health (Liu et al.||2024b)

Socialgood (Liu et al.||2024b)

Traffic (Liu et al.|[2024b)

Fashion (Skenderi et al.||2024)

Weather (Kim et al.||2024)

Medical (Kim et al.||2024)

PTF (Wang et al.||2024)

MSPG (Wang et al.||2024)

LEU (Wang et al.|[2024)

MTFinance (Chen et al.||2025)

MTWeather (Chen et al.||2025)

Average

Table [2 also shows that aligning-based models tend to outperform prompting-based methods, achieving the
lowest MSE and MAE on 12 and 9 datasets, compared to only 3 datasets on MSE and 2 datasets on MAE
for prompting-based approaches. We attribute this at least partially to the limited numerical reasoning
capabilities of current LLMs, which are primarily trained on text. As we will demonstrate in Section [4.2]
increasing the capacity of the LLMs can improve performance, but a significant gap remains, compared to
the strongest unimodal forecasting models.

For the main experiment, in alignment with the MMTS definition in the introduction, we focus on incorporating
text. To validate that our findings generalize beyond text, we extend our analysis to include images. Specifically,
we incorporate product images in the Fashion e-commerce forecasting dataset from Table [ Results are
detailed in Table of Appendix [E] For aligning-based models, we use Chronos to extract time series
features, and use the CLIP model Radford et al|(2021)) to embed images, or both images and text: Aligning
(TS+image) and Aligning (TS+text+image). For prompting-based models, we use Claude to process images,
or both images and text: Prompting (TS+image) and Prompting (TS+text+image). Our conclusion remains
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consistent that adding the image information does not outperform the TS or T'S+text variants in Table
The TS+image and TS+text-+image models are within statistical noise of TS or TS+text variants. In
addition, we directly convert time series into images (TS-as-image) and use a vision-language Claude model
to forecast in Table 20]in Appendix [D-5] We compared three scenarios: TS-as-image+text+TS, text+TS and
TS-as-image+TS, which perform comparably with each other. Taken together, these auxiliary experiments
provide preliminary evidence that a similar pattern may hold for other modalities: the benefit of an additional
modality is conditional on the specific modeling choices and data characteristics and not just its presence.
We leave a comprehensive study of non-text modalities to future work.

Given that the added complexity of integrating multimodality does not yield universal improvements in
predictive accuracy, we conduct a deeper analysis from both architectural design and dataset characteristics,
aiming to offer data-agnostic and generalizable guidelines on when multimodality helps.

4.2 Modeling: Does text encoder capacity affect performance? (RQ2)

Increasing text model capacity helps prompting-based methods, but a substantial gap remains
compared to the best unimodal models. We benchmark all the datasets in Table [2] as well as CiK
(Williams et al., |2025)), which is a small dataset that can be benchmarked through a zero-shot prompting
instead of aligning approach (results found at Table |8 in Appendix . We observe that prompting-based
methods benefit from scaling up the language models (Figure . Models with higher MMLU-Pro scores,
indicative of stronger general reasoning abilities, tend to yield lower forecasting errors. Nevertheless, despite
the significantly higher computational cost, even the strongest LLMs we evaluate do not match the unimodal
Chronos model, shown as the red baseline in Figure [3]
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Figure 3: Prompting-based performance vs. MMLU-
Pro. The y-axis shows MAE (left) and MSE (right),
and the colormap shows the average ranking. Details

in Table |2| and Table @

Figure 4: Aligning-based performance with varying

text models. The y-axis shows MAE (left) and MSE

(right), and the colormap shows the average ranking.

Details in Table [9]in Appendix [C|

The improvement from larger LLMs stems from an enhanced numerical processing capabilities.
Given the previous results, we conduct experiments to ablate different text encoders from small to large ones
in the aligning paradigm. As shown in Figure [4| (detailed numbers in Table |§| in Appendix , we compare
a range of text model architectures and sizes, including encoder-only models (BERT-base, BERT-large),
encoder-decoder models (T5-base), and decoder-only models (GPT-2-small/medium/large). Somewhat
non-intuitively, we find only slight correlations, with a large dispersion between model size or architecture
and forecasting performance. We also benchmark Qwen 1.5B with various fusion choices as well as different
embeddings (Appendix, which shows an inferior result than smaller models, such as BERT-base. We
believe that such discrepancy between aligning- and prompting-based methods arises due to the differing
roles of the text model in each paradigm. Prompting-based models must interpret both text and time series
through the lens of the LLMs alone. Larger LLMs appear to have a greater capacity to process and parse
numerical patterns within the time series data, a task smaller models struggle with without explicit guidance.
As further shown in Section [£:3] textual information proves most helpful for smaller language models in the
prompting-based method, indicating that smaller language models have difficulty understanding time series
patterns without text. In contrast, large language models can extract relevant information from time series
more effectively on their own. Aligning-based models, on the other hand, primarily rely on dedicated time
series backbones that are specifically designed and excel at modeling temporal signals, rendering the text
encoder’s capacity less critical for capturing the time series dynamics itself.



Published in Transactions on Machine Learning Research (07/2026)

Reasoning models fail to improve the forecasting performance. In our empirical evaluation, we
employ distilled versions of the DeepSeek-R1 (DeepSeek-All [2025)) architecture, specifically DeepSeek-R1-
Distill-Qwen-1.5B and DeepSeek-R1-Distill-Qwen-7B. These models represent a fusion of the reasoning-centric
training methodology of DeepSeek-R1 with the architectural foundations of the Qwen-1.5B and Qwen-7B.
As shown in Figure |§|, it is coun-

terintuitive yet evident that the «w 1)

i Non-reasoning is better Non-reasoning is better
non-reasoning model outperforms g3 2 3
. o e s 2
the reasoning model distilled from =2 Z 2
DeepSeek-R1 across the majority of g"l g" 1
datasets for both Qwen 2.5 1.5B S| || S0
(blue bars) and Qwen 2.5 7B (red Fof * 20 1|
bars). As further illustrated in Ap- 54| = un2ils® g1
pendix the reasoning mOdel E-2 Reasoning is better & 2 Reasoning is better
tends to employ more simplistic C I RO E S e & 5D SO & &
¥ &M & L & & ¥ & & S & &
methods and fails to effectively lever- Q‘&.\‘e“&@“&\ s\@& 3 @él \’{2\«\"‘;@‘9 é\“?@o&éay @z&e T V{‘;‘-&Q 4@»@
age the multimodality relationship Qg‘\ é& @& @“& é‘ @&

within the data. This limitation is

likely attributed to its reasoning ca- Figure 5: The percentage change in MAE and MSE when comparing
pabilities being predominantly rein- non-reasoning models to reasoning models across 9 datasets. Positive
forced through text, with limited in- values indicate non-reasoning models perform better. Details in Table

tegration of temporal signals. @ in Appendix E

4.3 Modeling: Does the
capacity of the time series model matter? (RQ3)
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to unimodal time series model forecasting capability. to unimodal input forecasting capability. Detailed
Detailed results in Table [I0]in Appendix [C] results in Table [[§]in Appendix [D}

Extra modalities help especially weaker unimodal forecasting models. For aligning-based MMTS
methods, we observe a strong inverse relationship between unimodal forecasting strength and multimodal
improvement. As shown in Figure [f] we evaluate a diverse set of time series backbones, including PatchTST,
Informer, FEDformer, DLinear, iTransformer, Chronos, Time-LLM, TimeCMA and LeRet, and we find that
models with higher unimodal forecasting errors tend to exhibit greater performance gains when enhanced
with textual context. This suggests that text information provides the most value when the time series model
lacks sufficient capacity to capture temporal patterns on its own. We detail the numbers of each time series
model in Table [I0]in Appendix [C}

We observe that a similar trend holds for prompting-based approaches, as shown in Figure [7} Here, we
define the unimodal forecasting model as prompting the LLM with only time series data, and we define
the multimodal model as prompting the LLM with both time series and associated textual context. The
experiment is performed on the few LLMs that yields a better result in Table 2 We find that lower-capacity
LLMs, which struggle to interpret raw time series inputs effectively, benefit substantially more from the
inclusion of textual guidance.
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Together, these results suggest that the benefit of multimodal integration is conditional on the strength of
the underlying unimodal forecasting model. When the model contains strong temporal inductive biases,
additional textual information yields limited returns. However, for weaker unimodal models, text serves as a
valuable auxiliary signal to compensate for shortcomings in time series understanding.

4.4 Modeling: How important is the design of aligning mechanisms? (RQ4)
Table 3: Different aligning choices: aggregation (add, concat), pooling (avg, CLS), projection (MLP, Residual),

fusion location (early fusion, middle fusion, late fusion), and fine-tuning strategies (efficient, fixed, full, two-
stage). Winner in each group in green

Dataset Metric Uni Aggregate Pooling Projector Location Fine-tuning .
3 5 $
5 5 N g 3 5

S = _ g < g

< O < O 5 = S < ~ ) & & &

MSE |0.466| 0.422  0.442 0.422 0.391 | 0.422 0.410 | 0.411 0.445 0.422 0.422 0.473 0.462 0.420
MAE |0.486| 0.488 0.504 0.488 0.464 | 0.488  0.489 0.467  0.496 0.488 0.488 0.488 0.500 0.483

MSE |0.596| 0.497 0.585 0.497  0.570 0.497  0.523 0.703 0.559 0.497 | 0.497 0.538 0.617 0.483

Environment

Medical
ediea MAE |0.565| 0.503  0.540 0.503  0.537 0.503  0.505 0.624 0.535 0.503 | 0.503 0.532 0.576 0.488
PTF MSE |0.110| 0.089 0.088 | 0.089 0.084 | 0.089 0.088 | 0.085 0.083  0.089 0.089 0.098 0.106 0.085
MAE |0.167| 0.162 0.158 | 0.162 0.150 | 0.162 0.160 | 0.163 0.166 0.162 | 0.162 0.157 0.162 0.150
MSPG MSE |0.365| 0.300 0.430 0.300 0.411 0.300 0.341 0.351 0.361 0.300 | 0.300 0.397 0.418 0.363
MAE |0.217| 0.198 0.230 0.198  0.229 0.198  0.204 0.205 0.209 0.198 | 0.198 0.229 0.223 0.217
LEU MSE |0.522| 0.513 0.551 0.513  0.546 0.513  0.519 0.515 0.500 0.513 0.513 0.526 0.531 0.568
MAE |0.350| 0.339  0.358 0.339  0.360 0.339  0.361 0.354 0.350 0.339 | 0.339 0.355 0.349 0.360
MSE |0.412| 0.364 0.419 0.364  0.400 0.364 0.376 0.413 0.390 0.364 | 0.364 0.406 0.427 0.384

Average

MAE |0.357| 0.338 0.358 0.338  0.348 0.338  0.344 0.363 0.351 0.338 | 0.338 0.352 0.362 0.340

Aligning paradigms affect performance, and optimal configurations are dataset-dependent. For
aligning-based methods, we conduct a comprehensive study of design choices for aligning textual and time
series representations: (1) Aggregate: Combining text and time series embeddings via element-wise addition
(“Add”) or vector concatenation (“Concat”). Addition is generally more effective as it avoids feature explosion
and overfitting; (2) Pooling: Extracting the text representation by mean pooling over token embeddings
(“Avg”) or selecting the [CLS] token (“CLS”), with average pooling better learning the global smoothed
information from the context history; (3) Projector: Mapping text embeddings to the time series feature
space using a multi-layer perceptron (“MLP”) or a residual projection module (“residual”), with residual
projection more robust as it preserves the original temporal information; (4) Location: Determining where
to integrate text information within the forecasting architecture, with Chronos as example, before the time
series encoder (“Early”), between encoder and decoder (“Mid”), or after the decoder (“Late”). Late fusion is
the safest default because it minimizes disruption to temporal encoding at earlier stages; (5) Fine-tuning:
Updating the text model fully (“full”), freezing (“fixed”), parameter-efficient tuning by only tuning the layer
normalization layers (“efficient”), or using a two-stage procedure that first only tunes the projection head
and then fine-tunes all the parameters (“two-stage”). Efficient fine-tuning is preferred for larger datasets
with lower risk of underfitting, while two-stage fine-tuning is better for smaller datasets.

As summarized in Table 3] we find that different aligning choices influence forecasting performance. Although
the best configuration varies across datasets, certain strategies consistently perform well on average: addition,
average, residual projector, late fusion, and efficient fine-tuning. These consistent patterns suggest general
guidelines for alignment design, highlighting principles of training stability, information preservation, and
overfitting control.

4.5 Data: How do context length and training sample size influence performance? (RQ5)

Aligning-based MMTS tends to be more effective with larger training datasets. As shown in
Figure [8) we observe a weak positive correlation between dataset size and MMTS improvement (r = 0.45 for
MAE, r = 0.32 for MSE). While the correlation for MSE is modest with wide dispersion, the overall trend is
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Figure 9: Synthetic time series with trend (top row), seasonality (middle row) and spikes (bottom row). The
left two columns are time series with unique text, and the right two columns are time series with redundant
text. For example, in the first row, text of “decreasing” in the first column is informative as trend starts to
decrease exactly at the forecasting boundary, while text of “decreasing” in the third column is redundant as
decreasing trend is already observable from the history time series.

somewhat counterintuitive, as one might expect multimodal models to gain relatively more in low-data regimes
where textual context could compensate for limited training data. Instead, our results show that aligning-based
MMTS may yield greater relative improvements when more training data is available, likely because effective
cross-modal representation learning requires sufficient data to fine-tune high-capacity multimodal models.
At the same time, for prompting-based methods in data-
scarce zero-shot settings, textual context proves valuable,
with multimodal prompting substantially outperforming
unimodal prompting.
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Time series context length has limited effect on

MMTS performance. To study the role of temporal swcim 5 ® 95% CIC
context, we down-sample the input lengths of five datasets i L
with the longest context to 50% and 25% of its original size. s s

For dynamic text, we apply the same sampling ratio; for Figure 8: Improvement ratio vs dataset size. Each

static text, we keep it unchanged. As shown in Figure[I0] oint represents a dataset from Table M
for aligning-based methods we find only slight correlation

between time series context length and MMTS improvement with large dispersion. Similar observation holds
for prompting-based methods (Table . This could indicate that MMTS models primarily leverage text for
contextual grounding, rather than for directly supplementing long-range temporal dependencies.

4.6 Data: How does text and time series alignment quality affect performance (RQ6)

MMTS provides the greatest benefit when text contains predictive information that is com-
plementary to the time series. We construct a synthetic multimodal benchmark in which we explicitly
control the relationship between text and time series. This controlled study is designed to be an oracle
experiment, not a realistic forecasting scenario, and is intended to analyze model behavior under various
controlled conditions rather than to introduce information leakage. Specifically, we simulate time series using
Gaussian Processes (GP) with controlled variations in trend, seasonality, and spike: (a) Trend (top row
of Figure E[): We define two conditions: (1) unique-text, where the changepoint occurs at the forecasting
boundary and the direction of change is provided only in the text, and (2) redundant-text, where the
changepoint occurs within the observed context, and thus can be inferred from the time series alone. The
first subplot in the top row of Figure [J] illustrates unique information, where the trend starts to decrease

10
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Table 4: Controlled experiment on synthetic datasets.

Trend Seasonality Spike
Model Unique Redundant Unique Redundant Unique Redundant
MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE

Unimodal 0.811 0.677 | 0.449 0.394 | 0.299 0.410 | 0.004 0.044 | 3.851 0.934 | 5.798 1.039
Multimodal | 0.477 0.408 | 0.428 0.376 | 0.008 0.066 | 0.005 0.052 | 3.267 0.893 | 5.714 1.065

exactly at the forecasting point and is only indicated in the text. In contrast, the third subplot in the top row
demonstrates redundant information, where the downward trend is already visible within the observed context.
(b) Seasonality (middle row of Figure[d): In the left two columns, the periodic-
ity increases or decreases at the forecasting point, providing unique information
that is captured by the text. The right two columns, on the other hand, present
redundant information, where the period already shifts within the input time
series context. For simplicity, the time series generated from GP are stationary.
(c) Spike (bottom row of Figure[9): In the left two columns, the text reveals
unique information about whether a spike will occur at the next seasonal peak,
which is not visible from the input context alone. Conversely, the right two
columns depict redundant information, where future spikes can be inferred from Figure 10: Reducing con-
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earlier spike patterns already observed in the context. For simplicity, the time text length. Individual
series generated from GP are stationary. Appendix [F]shows more examples of plots can be found at Ta-
synthetic time series. ble [[4] in Appendix [C]

As shown in Table ] MMTS significantly outperforms unimodal models in the unique-text settings across
trend, seasonality and spike, but it shows no meaningful advantage when the text information is redundant.
This shows a general and data-agnostic conclusion that MMTS gains are substantial only when text introduces
novel, predictive signals not observable in the time series context. This finding aligns with a previous study
from CiK(Williams et al., 2025) based in zero-shot setting. Our analysis also complements CiK: whereas CiK
provides fixed, real-world paired text for evaluating whether text helps, our synthetic benchmark enables
controlled variants to isolate why and when text helps, offering scalability for aligning-based models.

Explicit text contributes more. The | |
above experiments are conducted using syn- s Explicit Jmuplicit | Pzp;if;;qSE Implicit |
thetic time series, and we validate our above 0-35| = std. Error
finding in real-world datasets as follows. This 2 025
is again a controlled experiment to analyze = Avg MAE
model behavior rather than to introduce infor- o5 (S)‘figgn‘;o{ex:
mation leakage. As shown in Figure we T & & & -
create several variants of text from the real- VA \Qﬁvv@o &\@4 \0\-‘.\\
Vo

world datasets with decreasing explicitness of
future information: (1) “1-Step”: the exact
change ratio at the next time point; (2) “3-
Step”: the average change over the next 3
steps; (3) “10-Step”: the average change over
the next 10 steps; (4) “LLM Desc”: natural
language descriptions generated by prompting Claude model on the future time series. The LLM was
prompted with a specific instruction set designed to elicit concise summaries of the key patterns and trends
within each univariate time series, while filtering out minor fluctuations; (5) “LLM Event”: LLM-generated
event descriptions to mimic real-world events that could plausibly explain the observed time series patterns,
while staying coherent with the domain of the data. For this task, we also used the Claude model. These
variants progressively reduce the alignment quality between text and target signal by varying the explicitness
of the text. We find that forecasting performance degrades as the informativeness of the text decreases,
confirming that MMTS is effective only when the text modality adds unique predictive value. We also evaluate
a controlled setting where the LLM is prompted to generate descriptions of the past time series (“History
Desc”). This historical text contains no new information beyond what is already encoded in the time series

Figure 11: MMTS shows larger improvements when the text
information is more explicit. This plot shows an average
results of 9 datasets, and individual plots of each datasets
can be found at Figure @ in Appendix @
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Urban air quality fluctuates seasonally as winter
pollution episodes alternate with cleaner summer
1 air. Industrial emissions and weather patterns cre-
S ate recurring spikes during cold months when tem-
perature inversions trap pollutants, while summer
brings periods of improved air quality through

A power plant gradually increased its generation
output as it recovered from a maintenance shut-
down. After reaching normal operation levels, a
minor equip-ment malfunction caused a slight dip
in the final period, requiring quick adjustments to
maintain grid stability.

A typical weekday traffic pattern in Paris shows early
morning calm followed by a steady rush hour build-up.
Traffic peaks during mid-morning business hours, main-
tains heavy flow throughout the workday, then experi-
ences another surge during evening rush hour before
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A typical sunny summer day in Melbourne shows
solar generation ramping up at dawn, reaching

peak output around midday. Brief cloud coverage
caused two sharp drops in generation. The afternoon
saw variable cloud conditions creating fluctuating out-
put before steadily declining as the sun set, returning

better atmospheric mixing and reduced heating dramatically declining as night falls..

to zero output during nighttime hours
needs. P & me

Figure 12: LLM-generated text with varying explicitness of text information. “History Desc” (top row)
describes time series patterns in the history; “LLM Desc” (middle row) describes time series patterns in the
future; and “LLM Event” generates event descriptions to explain future time series patterns.

input, and yields the highest forecasting error among all variants. We provide example visualizations of
LLM-generated time series history (“History Desc”), future descriptions (“LLM Desc”) and events (“LLM
Event”) in Figure and more examples for each dataset are detailed in Appendix

We compare these synthetic text data with real text within the benchmark and overlay MMTS errors using
the original textual descriptions as horizontal lines. We present the aggregated results on 9 datasets in
Figure [IT] and show their individual plots in Figure [I9] For datasets where the real-text error lines are low,
such as MSPG, LEU, PTF, Medical, and Environment, we also observe consistent MMTS gains in Table [2]
suggesting that these datasets feature high-quality text-and-time-series alignment. These results highlight
MMTS models are most effective when the text provides information that is both relevant and complementary
to the time series signal.

5 Conclusion and Discussion

In this work, we provide new insights into when and how textual context improves forecasting performance.
Contrary to the (sometimes implicit) assumptions prevailing in recent work, our study finds that MMTS
methods do not consistently outperform the strongest unimodal baselines. We provide a rigorous and
quantitative analysis on their effectiveness with respective to model capacity, alignment strategy, and data
characteristics. Through controlled and data-agnostic experiments, we provide more general guidelines
to future MMTS research that extends beyond the current benchmark. Our work helps clarify when
MMTS forecasting is truly beneficial, encouraging more transparent and data-aware modeling practices.
Reproducibility details and broader impact statement are discussed in Appendix [A] [B] and
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A Implementation Details of Aligning-Based Methods

Experiment compute resources. To train and evaluate aligning-based models, we use eight 40GB A100
GPUs. Our implementation is based on PYTORCH.

Hyperparameters. We implemented the Chronos-based MMTS model by aligning embeddings from various
text encoders to those of Chromos—Bol‘cﬂ7 a patching-based variant of the original Chronos model built on a
T5 encoder-decoder architecture. Alignment strategies are compared in Section [f.4] and the default aligning
strategy is the best configuration found in Section (addition, average, residual projector, late fusion,
and efficient fine-tuning). Text encoder choices are evaluated in Section The default text encoder is
BERT-Base, and we use a learning rate of 0.001 and train with the AdamW optimizer, a batch size of 32 per
GPU, and 4 GPUs in total. Early stopping is applied based on validation performance with a patience of 50
steps. The projection module consists of a residual block with a hidden layer mapping the text embedding
dimension (e.g., 768 for BERT-Base) to 2048, followed by an output layer projecting to 512, and a residual
connection mapping directly from the text embedding dimension to 512.

For aligning-based models utilizing Informer, FEDformer, PatchTST, iTransformer, and DLinear as the time
series backbones, we adopt the official implementations provided by MMTSF-Lib (Liu et al., 2024b)|ﬂ We
additionally include Time-MoE, Moment, Moirai, and Timer-XL as unimodal backbones, integrated into the
same multimodal forecasting framework in MMTSF-Lib. To fuse textual and temporal information, we vary
the ratio at which text embeddings are added to the time series representations from 0.1 to 0.5, selecting the
optimal value for each model individually. We report the hyper-parameter tuning results in Table [} We tune
from 0.1 as values closer to 0.0 effectively reduce the model to a unimodal setting (see the 0.0 column, which
performs comparably to the unimodal baseline). We tune up to 0.5 as we already observed a clear trend of
performance degradation when we increase the values up to 0.5. The projector is trained with a learning rate
of 0.01, while the time series model is optimized with a learning rate of 0.0001. We use a pretrained BERT
model with frozen parameters, extracting its input embeddings to serve as the text representations. We use
the official implementations for Time—LLMEl, TimeCMAEl, LeRetﬂ and Time—VLMEI7 with a learning rate of
0.01, 0.001, 0.005, and 0.001 respectively. We replace their language embeddings with zero embeddings for
the corresponding unimodal counterparts.

%https://huggingface.co/autogluon/chronos-bolt-small
Shttps://github.com/Adityalab/MM-TSFlib
“https://github.com/KimMeen/Time-LLM
Shttps://github.com/Chenxiliu-HNU/TimeCMA
Shttps://github.com/hqh0728/LeRet
"https://github.com/CityMind-Lab/ICML25-TimeVLM
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Table 5: Hyper-parameter tuning on the text embedding ratio (using DLinear as an example).

Dataset | Unimodal | 0.0 | 0.1 | 0.2 | 0.3 | 0.4 | 0.5

Metric | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE
Agriculture | 0.704  0.598 | 0.685  0.59 | 0.675 0.577 | 0.669 0.581 | 0.687 0.608 | 0.73  0.647 | 0.802 0.694
Climate | 0.956  0.783 | 0.969 0.789 | 0.949 0.779 | 0.949 0.778 | 0.964 0.786 | 0.98 0.793 | 0.999 0.799
Economy | 0.069 021 | 0.07 021 |0.045 0.166 | 0.048 0.173 | 0.077 0.229 | 0.134 0.311 | 0.219  0.41
Energy | 0.098 0.225 | 0.096 0.221 | 0.097 0.224 | 0.107 0.236 | 0.11  0.24 | 0.099 0.226 | 0.102 0.23
Environment | 0.475 0.531 | 0.474 0.531 | 0.473 0.53 | 0.473 0.53 | 0.473 0.53 | 0474 0.53 | 0.473 0.53
Health | 1.443 0.809 | 1.443 0.809 | 1.46 0.821 | 1.47 0.821 | 1.487 0.83 | 1.494 0.833 | 1.475 0.827
Socialgood | 1.03  0.437 | 1.045 0.441 | 1.013 0434 | 0.992 043 | 0.968 0.425 | 0.938 0.42 | 0.902 0.413
Traffic | 0153 0.2 | 0152 0.21 | 0.152 0204 | 0.152 0203 | 0.151 0.206 | 0.152 0.212 | 0.155 0.208
Fashion | 0.474 0.515 | 0.476 0.517 | 0.474 0.516 | 0.478 0.518 | 0.487 0.523 | 0.489 0.525 | 0.492 0.527
Weather | 0.169 0.314 | 0.169 0.314 | 0.169 0.314 | 0.169 0.314 | 0.169 0.314 | 0.169 0.314 | 0.169 0.314
Medical | 0.696 0.624 | 0.694 0.623 | 0.694 0.624 | 0.693 0.623 | 0.694 0.623 | 0.693 0.623 | 0.694 0.623
PTF | 0.134 0.227 | 0.134 0.226 | 0.12 0215 | 0.129 0.226 | 0.118 0.217 | 0.117 0.218 | 0.123 0.218
MSPG | 0.415 0.227 | 0.412 0.226 | 0.408 0.226 | 0.415 0.227 | 0.421 0.229 | 0.408 0.23 | 0.396 0.243
LEU | 0497 0.382 | 0.495 0.38 | 0.495 0.382 | 0.495 0.381 | 0.494 0.381 | 0.496 0.382 | 0.496 0.384

MTFinance | 0.002 0.014 | 0.003 0.018 | 0.002 0.015 | 0.002 0.016 | 0.004 0.022 | 0.002 0.016 | 0.003 0.018

MTWeather | 0.203 0.338 | 0.2  0.336 | 0.202 0.337 | 0.199 0.336 | 0.2 0.338 | 0.201 0.34 | 0.202 0.341

Avg | 0470 0.402 | 0.470 0.403 | 0.464 0.398 | 0.465 0.400 | 0.469 0.406 | 0.474 0.414 | 0.481 0.424
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B Implementation Details of Prompting-Based Methods

B.1 Large Language Models (LLMs) Benchmarked

We benchmarked a total of 11 LLMs as illustrated in Figure [3] These models include various versions of
LLaMA, Qwen, and GPT-40-mini, as well as Claude 3.5 Sonnet and Mixtral 8x7B Instruct. Additionally,
we included DeepSeek 1.5B and DeepSeek 7B in our evaluations. For prompting-based methods, the major
hyper-parameter is the temperature, which is optimized following CiK.

The models are sourced from the following platforms:

« LLaMA (3B, 8B, 405B): All LLaMA models were called directly from Amazon Bedrock.

e« Qwen (2.5 1.5B, 2.5 7B, 2.5 32B, 2.5 72B): The Qwen models were downloaded from Hug-
gingface.

— |Qwen2.5-1.5B-Instruct
— |Qwen2.5-7B-Instruct

— |Qwen2.5-32B-Instruct
— Qwen2.5-72B-Instruct

¢ GPT-40-mini: Sourced from OpenAl APIL.
e Claude 3.5 Sonnet: Also deployed via Amazon Bedrock.
o Mixtral-8x7B-Instruct-v0.1: Accessed through Huggingface.

o DeepSeek (1.5B, 7B): Downloaded from Huggingface.

— |DeepSeek-R1-Distill-Qwen-1.5B
— DeepSeek-R1-Distill-Qwen-7B

B.2 Prompting Methodology

We employed two distinct prompting strategies depending on the availability of contextual text information.
When contextual text was available, we used the following prompt:

Prompt for time series forecasting with multimodal input

# Context-Informed Time Series Forecasting

## Background Information

<context>

{context}

</context>

## Historical Data

<history>

{history}

</history>

## Task Description

You are a specialized forecasting agent tasked with predicting
the next {PREDICTION_LENGTH} timestamps in this time series.
Your forecast should:

1. Leverage patterns identified in the historical data

2. Incorporate relevant contextual information

3. Account for any seasonality, trends, or cyclical patterns
4. Consider how external factors described in the context might
influence future values
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## Analytical Approach

- First, analyze the historical data to identify

baseline patterns, trends, and seasonality

- Second, examine the provided context to understand factors
that may influence the forecast

- Third, determine how these contextual factors might modify
expected patterns

- Finally, generate precise predictions that integrate both
historical patterns and contextual insights

## Output Format Requirements

Return your forecast using exactly this format:

<forecast>

index_1, value_1

index_2, value_2

index_{PREDICTION_LENGTH}, value_{PREDICTION_LENGTH}
</forecast>

Important:

- Each forecast entry must appear on its own line

- Use ONLY the (index, value) format within the forecast tags
- Maintain consistent numerical precision with the historical
data

- DO NOT include any explanations, notes, or reasoning between
the forecast tags

- Ensure predictions properly reflect both the historical
patterns and contextual factors

When contextual text was not available, we employed the following streamlined prompt:

Prompt for time series forecasting with unimodal input

Time Series Forecasting Task

## Historical Data

<history>

{history}

</history>

## Task Description

You are a specialized time series forecasting agent. Your goal
is to predict the next {PREDICTION_LENGTH} timestamps based on
the historical data provided above.

## Data Analysis Instructions

1. Analyze the pattern, trend, and seasonality in the
historical data

2. Identify any recurring cycles or anomalies

3. Consider both recent and long-term patterns in your
prediction

4. Account for any contextual factors evident in the data
## Output Format Requirements

Return your forecast in a structured (index, value) format
within <forecast></forecast> tags as follows:

<forecast>

index_1, value_1

index_2, value_2
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index_n, value_n

</forecast>

Important:

- Each prediction should be on a new line

- Include ONLY the index and predicted value pairs within the
tags

- Do NOT include explanations, reasoning, or additional text
between the tags

- Ensure numeric precision appropriate to the historical data
- Maintain consistent units and scale with the historical data

Performance metrics were parsed directly from the <forecast></forecast> tags within the LLM’s output.
For each time series trace, we employed the setting Sample = True to generate three distinct forecast runs.
The uncertainty quantification metrics presented in the tables are derived from these three runs.

Experiment compute resources. The experiments involving the Huggingface-hosted large language
models were conducted utilizing a compute infrastructure equipped with 8 NVIDIA A100 GPUs, each with
40GB of memory.

B.3 Prompt Optimization

We perform prompt optimization based on the following prompt from CiK (with a slight modification since
most of the datasets do not have constraints):

Original prompt for time series forecasting with multimodal input

I have a time series forecasting task for you.

<context>
{context}
</context>

<history>
{history}
</history>

Please predict the next {PREDICTION_LENGTH} timestamps based
on the context.

Return the forecast in (index, value) format, enclosed within
the <forecast> and </forecast> tags. Separate each forecast
with a new line.

Each line should contain the index and the corresponding
forecasted

value. Do not include any explanations between the <forecast>
and </

forecast> tags.

To enhance the performance of prompting-based methods, we conducted a series of prompt optimization which
leads to our prompt in Section [B:2] We evaluated the impact of these optimizations on several key metrics:
MAE, MSE, CRPS and WQL. The results obtained using the original prompt (Table @ were compared
against those achieved with the optimized prompt (Table @ Following the optimization process, the results
demonstrated notable improvements across several domains and metrics. More specifically, the improved
prompt significantly reduced errors for environmental data (>50% MSE decrease) and showed modest gains
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for health, agriculture and economy datasets, though it produced mixed or slightly negative outcomes for
other domains.

Table 6: Performance metrics for the original prompt from CiK.

Domain MAE MSE WQL CRPS

Agriculture 0.23889 0.12689 0.07351 0.22454
Climate 0.94299 1.33173 1.09906 0.80673
Economy 0.14656  0.03381 0.04876 0.13578
Environment 0.80476 1.71238 0.89888 0.52064
Energy 0.22635 0.12097 0.52654 0.21158
Health 0.96483 4.03459 1.15122 0.86772
Socialgood 0.41672 0.79210 0.53083 0.38797
Traffic 0.36918 0.27783 0.25850 0.33231
Average 0.51379 1.05379 0.57341 0.43591

Table 7: Performance metrics for the optimized prompt.

Domain MAE MSE WQL CRPS
Agriculture 0.22782 0.11962 0.07016 0.21137
Climate 0.96669 1.40956 1.13980 0.80608
Economy 0.14503 0.03252 0.04775 0.13017
Environment 0.64069 0.90954 0.75110 0.45014
Energy 0.23310 0.12990 0.53894 0.21454
Health 0.99145 2.95664 1.28843 0.88181
Socialgood 0.44685 0.82796 0.57712 0.40388
Traffic 0.38470 0.29720 0.26979 0.32981
Average 0.50454  0.83537 0.58539 0.42848

B.4 Reproducing Context is Key (CiK)

We reproduce the results of CiK(Williams et al., 2025) to examine how LLM performance scales on MMLU-
PRO. In addition to the Continuous Ranked Probability Score (CRPS), we report Mean Absolute Error
(MAE) and Mean Squared Error (MSE) for consistency with the rest of this paper, using the authors’ public
codeﬂ Because CiK caps the Risk-Conditioned CRPS (RCRPS) at 5 to keep extreme failures from distorting
the aggregate score, we apply the same 5-point cap to MAE and MSE.

Most datasets (Table[l)) in our study lack a designated region of interest, so we omit RCRPS and instead
present standard CRPS, Weighted Quantile Loss (WQL), MSE, and MAE. Our CRPS values closely match
those reported in the original CiK paper, again highlighting L1ama-405B as the top-performing model on
their benchmarks (Table [g).

Finally, we observed that Amazon Bedrock returns only one completion per invocation—even with
sample=True. To obtain multiple samples, we therefore issue repeated calls to the LLM endpoint.

8https://github.com/ServiceNow/context-is-key-forecasting
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Table 8: Model performance metrics of CiK (MAE, MSE, WQL, CRPS).

Model MAE MSE WQL CRPS
Qwen 32B 1.803 2.981 1.316 1.517
Qwen 72B 1.439 2.522  0.978 1.133
GPT 40-mini 1.924 3.042 1.363 1.630
Llama 405B 2.079  3.157 0.774 0.192
Mixtral-8x7B-Instruct-v0.1 ~ 2.052  3.311  1.761 0.528
Qwen7B 1.812 2.997 1.415 1.561
Qwen 1.5B 1.982 3.024 1.499 1.556
llama, 3b 1.640 2.839 1.079 0.299
llama, 8b 2.077  3.189  1.079 0.299
llama 70 1.695 2.825  0.822 0.314
Claude 3.5 1.480 2.474  0.950 1.246
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C Additional Results for Aligning-Based Methods
C.1 Performance with Different Text Models and Time Series Models

Table 9: Aligning performance with different text models: BERT-Base, BERT-Large, T5-Base, GPT2-Small,
GPT2-Base, GPT2-Large. Aggregated results shown in Figure

"] N ]

& s > & 5
S i N 2 s F N

Y & & > YV YV v
& |5 & 0 & g ¢
Dataset Metric ) 2% R S ) G G

Environment MSE 0.466 0.422 0.414 0.463 0.467 0.462 0.443
v MAE 0.486 0.488 0.488 0.500 0.485 0.489 0.514
Medical MSE 0.596 0.497 0.521 0.542 0.497 0.479 0.535
¢ MAE 0.565 0.503 0.505 0.527 0.502 0.497 0.518
PTF MSE 0.110 0.089 0.088 0.083 0.084 0.081 0.081
MAE 0.167 0.162 0.157 0.154 0.162 0.155 0.156
MSPG MSE 0.365 0.300 0.362 0.396 0.305 0.372 0.339
MAE 0.217 0.198 0.212 0.216 0.193 0.228 0.212
LEU MSE 0.522 0.513 0.515 0.529 0.531 0.541 0.536
MAE 0.350 0.339 0.351 0.359 0.361 0.360 0.353

We detail the performance of aligning-based MMTS given different text models (BERT-Base, BERT-Large,
T5-Base, GPT2-Small, GPT2-Base, GPT2-Large) in Table@ Aggregated results across datasets are presented
in Figure [] of the main text.

We also evaluate both unimodal and aligning-based MMTS using different time series models (Chronos,
Informer, FEDformer, PatchTST, iTransformer, DLinear), as well as additional aligning-based models (Time-
LLM, TimeCMA, LeRet) as detailed in Table The corresponding aggregated results across datasets are
visualized in Figure [6] of the main text.

C.2 Qwen 1.5B as Text Encoder for Aligning-Based Paradigm

In this section, we conduct additional experiments using Qwen 1.5B as the text encoder within our aligning-
based paradigm. We explore different configuration options by varying both the layer from which embeddings
are extracted and the pooling strategy used to generate fixed-length representations.

Table [12] presents performance across different configurations. We extract embeddings from either the last
layer (layer -1) or an intermediate layer (layer 2), and apply either average pooling (Avg) across all tokens or
use only the last token (Last) as the representation. For comparison, we also include results from BERT with
its standard configuration (last layer with average pooling).

Our results reveal several interesting observations. Despite being a much larger model (1.5B parameters),
Qwen 1.5B (Qwen et al.| [2025) consistently underperforms compared to BERT-Base (Devlin et al., 2019a))
(110M parameters) across most domains when used as a text encoder in the aligning-based paradigm. For
Qwen 1.5B, performance varies significantly based on both the layer selection and pooling strategy, with
the optimal choice varying across domains. Notably, in the smaller datasets (Agriculture and Economy),
the performance variations between different Qwen configurations are more pronounced. For instance, in
the Economy domain, MSE ranges from 0.087 to 0.385 depending on the configuration, highlighting the
sensitivity of model performance to architectural choices on smaller datasets.

These findings align with our discussions in the main paper regarding the different roles of text models in
prompting versus aligning-based paradigms. In the aligning-based approach, smaller models like BERT-Base
can be effective as text encoders since the primary pattern recognition burden is handled by dedicated
time series models. The larger Qwen 1.5B, while potentially more powerful for understanding complex text
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Table 10: Unimodal and aligning-based MMTS performance with varying time series models: Chronos,
Informer, FEDformer, PatchTST, iTransformer, DLinear, TimeLLM, TimeCMA, LeRet. Aggregated results
in Figure [0}

Dataset Metric Ummo:ial MM'I;S
& & 5 S 3 § & § ST
“ 5 g ) 5 N A v & g 2) S 5] S
§ S s £ 5 5 §& &£ |5 9 s 8 5§ F &
§ § & & § 4§ & & S| § & & & 4§ & & 3

Aericulture MSE | 0.161 3.797 0214 0216 0.176 0.704 0223 0215 0.186 | 0.167 1.830 0.160 0.217 0.181 0.675 0.249 0.169 0215
SUCUTUIC 1 MAE | 0258 1537 0.311 0304  0.281 0598 0.317 0.300 0304 | 0.299 1.041 0283 0315 0287 0577 0336 0278 0.314
Climate MSE | 1.200 1250 1.130 1.142 1.115 0956 1.000 1.375 1.911 | 1.077 1.290 1.155 1.147 1109 0.949 1.127 1247 1516
smate MAE | 0876 0910 0.872 0856 0.845 0.783 0.811 0.950 1.093 | 0.830 0.919 0.882 0.857 0842 0.779 0.858 0.896 0.991
Eo ] MSE | 0.061 0570 0.056 0013 0015 0.069 0.015 0012 0.019 | 0.153 0.145 0.039 0.016 0020 0.045 0.016 0.015 0.022
conomy MAE | 0200 0.676 0.197 0.091 0.097 0210 0.098 0.087 0.111 | 0.344 0.288 0.51 0.099 0115 0.166 0.103 0.096 0.119
Enorey MSE | 0112 0195 0096 0.108 0.108 0098 0.117 0.113 0.098 | 0.138 0.182 0.088 0.107 0130 0097 0.102 0.113 0.098
DETEY MAE | 0.240 0347 0215 0234 0239 0225 0240 0246 0225 | 0.260 0.311 0202 0229 0262 0224 0221 0243 0.221
Eovironmens | MSE | 0466 0486 0.482 0486 0492 0475 0487 0492 0488 | 0422 0474 0471 0481 0491 0473 0490 0487 0472
VIONIENt | \AR | 0486 0509 0527 0500 0.503 0.531 0.498 0497 0.484 | 0488 0516 0511 0499 0502 0530 0499 0.495 0.489
Health MSE | 1.169 1337 1.218 2168 2.085 1443 1.314 1.250 1.904 | 1.370 1.406 1.120 1.532 1183 1.460 1.271 1.642 1.327
e MAE | 0.676 0.767 0.754 0842 0815 0.809 0.770 0.745 0.810 | 0.833 0.790 0732 0.761 0.717 0.821 0.734 0.745 0.742
Socialeond MSE | 0914 0756 0872 0.863 00954 1.030 0902 1.086 0.982 | 0.957 0.785 0.887 0.863 0936 1.013 1.019 0972 1.327
& MAE | 0453 0.373 0.386 0.376 0412 0437 0407 0416 0411 | 0.460 0.443 0.393 0.376 0413 0434 0439 0389 0.498
Traffic MSE | 0182 0133 0205 0.147 0187 0153 0.159 0.176 0.152 | 0.180 0.136 0204 0.147 0189 0.152 0.162 0.194 0.167
MAE | 0259 0227 0230 0206 0222 0200 0229 0216 0205|0244 0239 0231 0206 0225 0204 0.237 0223 0214
Fnshion MSE | 0485 0454 0.620 0525 0555 0474 0513 0592 0427 | 0482 0516 0.618 0524 0558 0474 0513 0592 0.471
MAE | 0468 0484 0.617 0523 0554 0515 0512 0587 0408 | 0.472 0561 0.607 0523 0556 0516 0511 0588 0.447
Weather MSE |0.184 0171 0.184 0175 0.174 0169 0.172 0.173 0.173 | 0.248 0.167 0.178 0.178 0176 0.169 0.172 0.173 0.170
ahe MAE |0.325 0315 0326 0315 0314 0314 0313 0313 0314 | 0.379 0309 0.320 0319 0317 0314 0315 0313 0.310
Medical MSE | 0596 0.858 0.658 0.530 0.535 0.696 0.531 0.535 0.532 | 0.497 0.765 0.566 0.521 0523 0.694 0.527 0533 0.533
edica MAE | 0565 0.686 0.575 0514 0517 0624 0513 0518 0512 | 0503 0.644 0526 0511 0512 0.624 0513 0518 0.504
PTF MSE | 0.110 0.108 0194 0.100 0.104 0134 0.110 0.102 0.118 | 0.089 0.105 0.142 0.099 0.101 0.120 0.088 0.105 0.090
MAE | 0167 0180 0297 0173 0.172 0227 0208 0.167 0.186 | 0.162 0.169 0248 0.174 0170 0215 0189 0172 0.174
MSPG MSE | 0.365 0380 0.353 0324 0415 0415 0.355 0.390 0.454 | 0.300 0.397 0470 0.363 0466 0.408 0.353 0376 0.424
! MAE | 0217 0218 0262 0229 0232 0227 0248 0228 0.240 | 0.198 0217 0416 0251 0258 0226 0244 0224 0.234
LEU MSE | 0522 0.607 0.665 0504 0508 0497 0491 0.547 0.547 | 0.513 0.578 0.658 0.504 0508 0.495 0.490 0.555 0.555
MAE | 0.350 0404 0444 0381 0.376 0382 0372 0.385 0.337 | 0.339 0405 0448 0.386 0379 0.382 0.371 0388 0.345
MTFinane MSE | 0.002 0107 0.003 0.003 0003 0002 0.003 0.005 0002|0004 0033 0003 0016 0031 0002 0.005 0002 0.003
WANCe ) NMAE | 0018 0056 0.024 0014 0014 0014 0015 0019 0013 | 0.023 0.043 0.033 0.033 0.081 0015 0.020 0.014 0.013
MTWeather | MSE | 0200 0218 0.224 0210 0199 0203 0203 0204 0.220 | 0.220 0209 0231 0207 097 0202 0187 0205 0243
AW MAE | 0347 0352 0360 0.346 0.337  0.338 0339 0.339 0.351 | 0.351 0.344 0366 0.343 0.336 0.337 0325 0.338 0.355

in prompting scenarios, does not translate this advantage when used purely for feature extraction in the
aligning-based framework.

C.3 Cross-Domain Setting for Aligning-Based Methods

We further conducted cross-domain evaluations for aligning-based methods versus unimodal baselines using
Chronos model as an example. Specifically, we trained and validated models on four domains (Agriculture,
Climate, Economy, Socialgood) and evaluated on the held-out Traffic domain. The results, summarized in
Table [I3] show consistent trends with our main findings that MMTS does not consistently outperform the
strongest unimodal models under cross-domain conditions.

C.4 Ultra-Long Time Series

We additionally run experiments on an extra-long time series dataset PixelRec |Zhou et al| (2025). This
dataset captures short video behavior with user interactions aggregated into daily view series. Each time series
has context length of 365 and future length of 943. We use Chronos model as an example, and its unimodal
and aligning-based counterparts perform comparably on this extremely-long dataset as well, consistent with
our main findings.
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Table 11: Unimodal and aligning-based MMTS performance with additional time series models: Time-MoE,
Moment, Timer-XL, Moirai, Time-VLM.

Dataset Metric Unimodal MMTS

= - S| & o =

w ~N Q o ~N

’S =~ Alv ~ A '\: i~ ;’1 ~ ;

& § & 8 & & § & 8 &

g S g § g g S g 5 g

&g ~ &g ~ & & ~ & ~ &
Aoricult MSE | 0.411 0.325 0.195 0.246 0.207 | 0.418 0.365 0.204 0.276 0.211
SUCHRUIC 1 MAE | 0.460 0370 0.294 0.354  0.298 | 0.467 0.388 0.307 0.373 0.299
Climat MSE | 1.084 1.156 1.000 1.440 1.040 | 1.084 1.158 1.025 1.378 1.033
rmate MAE | 0.836 0.856 0.811 0.964 0.823 | 0.837 0.856 0.817 0.945 0.821
. MSE | 0.027 0.079 0.020 0.035 0.024 | 0.032 0.083 0.022 0.044 0.024
conothy MAE | 0.136 0.253 0.116 0.143 0.125 | 0.145 0.257 0.120 0.164 0.126
- MSE | 0.188 0.138 0.092 0.129 0.099 | 0.191 0.135 0.091 0.135 0.097
nersy MAE | 0.343 0280 0.213 0.255 0.224 | 0.345 0.280 0.214 0.275 0.219
Envi | MSE | 0494 0479 0476 0497 0.484 | 0492 0.479 0475 0491 0.486
DVIONMENt |- \rAR | 0504 0507 0.497  0.535  0.496 | 0.503 0.508 0.497 0.532 0.496
Health MSE | 2.322 1.388 0.960 2.894 1.289 | 2.302 1.391 0.939 2.617 1.284
ca MAE | 1.049 0.773 0.638 1.095 0.746 | 1.045 0.777 0.636 1.072 0.747
Socinleood MSE | 1.344 0.874 0.668 0.907 0.721 | 1.330 0.861 0.667 0.876 0.716
oclalgoo MAE | 0.659 0.425 0.356 0.497 0.383 | 0.659 0.419 0.357 0.488 0.372
Traff MSE | 0.268 0.140 0.192 0.308 0.202 | 0.272 0.143 0.194 0.294 0.203
rafhe MAE | 0.355 0.220 0.242 0418 0.288 | 0.359 0.228 0.244 0.413 0.288
sl MSE | 0.545 0.507 0.538 0472 0.528 | 0.546 0.488 0.538 0.472 0.531
ashion MAE | 0.544 0511 0.538 0.513 0.527 | 0.545 0.497 0.538 0.513 0.530
Weatls MSE | 0.188 0.186 0.173 1.637 0.172 | 0.189 0.185 0.173 1.375 0.172
cather MAE | 0329 0323 0315 0.624 0.313 | 0.332 0325 0.316 0.596 0.313
Medical MSE | 0.628 0.784 0.535 2.202 0.522 | 0.617 0.763 0.527 1.893 0.549
edica MAE | 0554 0.664 0.516 0.623 0.529 | 0.552 0.655 0.515 0.612 0.526
PTF MSE | 0.216 0.109 0.121 0.270 0.108 | 0.208 0.106 0.113 0.248 0.109
MAE | 0.308 0.196 0.209 0.332 0.203 | 0.304 0.193 0.204 0.317 0.202
MSPG MSE | 0.348 0.371 0.294 0924 0.326 | 0.348 0.367 0.301 0.914 0.320
MAE | 0.225 0.243 0.200 0482 0.226 | 0.234 0.236 0.212 0.486 0.224
LEU MSE | 0.571 0.512 0497 0.693 0.485 | 0.565 0.510 0.498 0.673 0.485
MAE | 0414 0384 0.370 0.448 0.366 | 0.413 0.385 0.373 0.450 0.367
ITFS MSE | 0.002 0.003 0.002 0.160 0.002 | 0.020 0.009 0.024 0.113 0.002
anee MAE | 0.017 0.015 0.013 0.071 0.013 | 0.080 0.053 0.085 0.053 0.014
MTWeather | MSE [ 0.240 0193 0199 0232 0.195 [ 0.238 0192 0.199 0223 0.196
MAE | 0.367 0331 0.334 0.362 0.332 | 0.366 0.331 0.334 0.356 0.332
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Table 12: Performance comparison of different text encoder configurations using Qwen 1.5B and BERT-Base
across seven time series domains. Each domain reports both MSE and MAE metrics.

Extracted . ‘ Medical ‘ Environment ‘ LEU ‘ PTF ‘ MSPG ‘ Agriculture ‘ Economy
Backbone L Pooling
aver | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE
Qwen 1.5B Avg | 0.845 0577 | 0.464 0506 | 0.532 0.351 | 0.101 0.159 | 0.429 0.237 | 0.130 0.256 | 0.125 0.303
Qwen 1.5B Avg | 0.634 0.588 | 0.453 0.489 | 0.575 0.367 | 0.107 0.162 | 0.364 0.219 | 0.139 0.249 | 0.385 0.563

Qwen 1.5B Last 0.659 0.606 | 0.462 0.516 | 0.563 0.364 | 0.104 0.162 | 0.420 0.230 | 0.149 0.257 | 0.087 0.251

-1
2
Qwen 1.5B -1 Last 0.752  0.651 | 0.468 0.513 | 0.595 0.367 | 0.107 0.161 | 0.439 0.234 | 0.136 0.259 | 0.180 0.311
2
BERT-Base -1 Avg ‘0.497 0.503 | 0.422 0.488 | 0.513 0.339 | 0.089 0.162 | 0.300 0.198 | 0.167 0.299 | 0.211 0.414

Table 13: Cross-domain evaluation for aligning-based methods.

Paradigm ‘ MSE ‘ MAE
Unimodal 0.373 0.457
Aligning 0.353 0.472

Table 14: Performance of aligning-based model with various down-sampling ratios on context length.

Category Ratio MAE MSE

1 0.048  0.206

PTF 0.5 0.023 0.212
0.25 0.027  0.263

1 0.098 0.215

MSPG 0.5 0.106  0.237
0.25 0.088 0.218

1 0.011  0.038

LEU 0.5 0.006  0.004
0.25 0.002  0.009
1 -0.376  -1.066

MTFinance 0.5 -0.035 -0.015
0.25 -0.168 -0.228

1 -0.020 -0.051

MTWeather 0.5 -0.034 -0.077
0.25 -0.013  -0.036

Table 15: Performance of unimodal and aligning-based models on ultra-long time series.

Metric Unimodal Aligning
MSE 0.281 0.280
MAE 0.163 0.162
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D Additional Results for Prompting-Based Methods

D.1 Reasoning LLMs

Table 16: Comparison of deepseek distilled Qwen 1.5B and deepseek distilled Qwen 7B on selected datasets
and metrics (MAE, MSE).

Dataset ‘ Metric ‘ deepseek distilled Qwen 1.5B deepseek distilled Qwen 7B
Climat MAE 1.109 0.969
ae MSE 2.051 437
MAE 0.453 0.406
Weather MSE 0701 o
Environment MAE 0.755 0.645
MSE 2.776 0.843
. MAE 1.884 0.595
Medical MSE 1900 o
MAE 1.017 0.609
PIE MSE 1.992 0.667
MAE 11.573 0.597
MSPG MSE 23.274 4.914
MAE 4.231 0.529
LEU MSE 1.103 1.137
. MAE 1.630 1.570
MTFinance MSE 0.600 oo
MAE 2.683 1.799
MTWeather MSE po e

For the reasoning experiment as discussed in Section [£.2] we utilize distilled versions of the DeepSeek-R1
(DeepSeek-AlL 2025) architecture, specifically DeepSeek-R1-Distill-Qwen-1.5B and DeepSeek-R1-Distill-Qwen-
7B. These models represent a fusion of the reasoning-centric training of DeepSeek-R1 with the architectural
foundations of the Qwen series of large language models. By employing a distillation process, these models
aim to inherit the strong reasoning capabilities of DeepSeek-R1 while benefiting from the efficient architecture
and pre-training of the Qwen models. The “1.5B” and “7B” suffixes indicate the approximate number of
parameters in each model, offering different trade-offs between model capacity and computational efficiency.
These distilled models were accessed via Huggingface at deepseek-ai/deepseek-rl-distill-qwen-1.5b| and
deepseek-ai/deepseek-rl-distill-qwen-7bl respectively. Their architecture and training likely incorporate
techniques from both DeepSeek-R1’s reinforcement learning approach for reasoning and Qwen’s extensive
pre-training on diverse datasets. One response of DeepSeek-R1-Distill-Qwen-7B can be found as below:

One example reasoning process from DeepSeek-R1-Distill-Qwen-7B.

Okay, I need to help the user with their time series
forecasting task. Let’s see what they’ve provided. First, the
context is empty, so I don’t have any specific background
information. The historical data has eight points, from index
0 to 7. The values are:

(0, 264778)
(1, 242600)
(2, 225644)
(3, 268343)
(4, 272864)
(5, 281264)
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(6, 280290)

(7, 288566)

I need to predict the next six timestamps, which would be
indices 8 through 13.

Looking at the data, there’s a dip from index O to 2, then it
starts increasing again. From index 3 onwards, the values are
consistently rising, with a slight dip at index 6. The trend
seems upward, but there’s some variability.

Since there’s no context about seasonality or specific models
to use, I’11 consider a simple method like the average of the
last few points or maybe a linear trend. Alternatively,
exponential smoothing could be an option, but without knowing
the parameters, it’s tricky.

Another approach is to look at the differences between
consecutive points to see if there’s a pattern. Let me
calculate the differences:

From 0 to 1: 242600 - 264778 = -22178
1 to 2: 225644 - 242600 = -16956

2 to 3: 268343 - 225644 = +42699

3 to 4: 272864 - 268343 = +4521

4 to 5: 281264 - 272864 = +8400

5 to 6: 280290 - 281264 = -974

6 to 7: 288566 - 280290 = +8276

The differences are quite variable. There’s a big jump from 2
to 3, then smaller increases and a slight dip. It’s hard to
see a clear trend here.Maybe the recent values are more
stable, so I could take the average of the last few points.

Looking at the last three points (indices 5,6,7): 281264,
280290, 288566. The average is (281264 + 280290 + 288566)/3
$\approx$ 283373.33. So, maybe the next value could be around
there, and perhaps a slight increase or decrease.

Alternatively, considering the last value is 288566, which is
higher than the previous, maybe the trend is upward. So, I
could add a small increment each time.

But without more data or context, it’s challenging. Maybe a
simple moving average or just taking the last value as a base
and adding a small percentage.

Wait, the user didn’t specify the method, so perhaps I should
use a simple approach like taking the last value and adding a
small increase each time. Let’s say the last value is 288566,
and I’11 assume a 2} increase each period. That might be too
high, though. Alternatively, looking at the increase from 6 to
7: 288566 - 280290 = 8276. Maybe I’11l use that as the
increment.
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So, index 8: 288566 + 8276 = 296842
Index 9: 296842 + 8276 = 305118

Index 10: 305118 + 8276 = 313394
Index 11: 313394 + 8276 = 321670
Index 12: 321670 + 8276 = 329946
Index 13: 329946 + 8276 = 338222

But this assumes a constant increase, which might not be
accurate. Alternatively, I could consider the average increase
over the last few periods. The increases from 5 to 7 are
+8400, -974, +8276. The average increase is (8400 - 974 +
8276)/3 $\approx$ (8400 + 8276 - 974)/3 $\approx$ (16676 -
974) /3 $\approx$ 15702/3 $\approx$ 5234. So, maybe add around
5000 each time.

But the last increase was 8276, which is higher than the
average. Maybe I’11 take a weighted average, giving more
weight to the recent increase.

Alternatively, perhaps a linear regression on the last few
points. Let me try that.

Using the last three points (indices 5,6,7):

x: 5,6,7
y:281264,280290,288566

Calculate the slope:
Sum of x: 5+6+7=18

Sum of y:281264+280290+288566=850120
Sum of xy:5281264 +6280290 +7288566

Calculate each term:

5281264 = 1,406,320

6280,290 = 1,681,740

7288,566 = 2,019,962

Sum of xy: 1,406,320 + 1,681,740 = 3,088,060 + 2,019,962 =
5,108,022

n=3
Slope (b) = (nsum(xy) - sum(x)sum(y)) / (nsum(x?) - (sum(x))?)

sum(x?) = 25 + 36 + 49 = 110

So numerator: 35,108,022 - 18850,120 = 15,324,066 - 15,302,160
= 21,906

Denominator: 3110 - 182 = 330 - 324 = 6

So slope b = 21,906 /6 $\approx$ 3,651
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Intercept a = (sum(y) - bsum(x))/n = (850,120 - 3,65118)/3
3,65118 = 65,718

850,120 - 65,718 = 784,402

a = 784,402 /3 $\approx$ 261,467.33

So the linear regression equation is y = 261,467.33 + 3,651x
Now, to predict for x=8:

y = 261,467.33 + 3,6518 $\approx$ 261,467.33 + 29,208 $\approx$
290,675.33

Similarly for x=9: 261,467.33 + 3,6519 $\approx$ 261,467.33 +
32,859
$\approx$ 294,326.33

x=10: 261,467.33 + 3,65110 $\approx$ 261,467.33 + 36,510
$\approx$ 297,977.33

x=11: 261,467.33 + 3,65111 $\approx$ 261,467.33 + 40,161
$\approx$ 301,628.33

x=12: 261,467.33 + 3,65112 $\approx$ 261,467.33 + 43,812
$\approx$ 305,279.33

x=13: 261,467.33 + 3,651x13 $\approx$ 261,467.33 + 47,463
$\approx$ 308,930.33

These are the predicted values using linear regression on the
last three points. They show a steady increase, which makes
sense given the trend in the data.

Alternatively, I could use a different method like moving
average or exponential smoothing, but without more context,
linear regression on the recent data seems reasonable.

So, I’11 go with these predictions.
</think>

<forecast>
(8, 290675)
(9, 294326)
(10, 297977)
(11, 301628)
(12, 305279)
(13, 308930)
</forecast>
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Table 17: Performance of prompting-based model with various down-sampling ratios on context length.

Category Ratio MAE MSE

1 0.211  0.214

PTF 0.5 0.057  0.095
0.25 0.001  0.060

1 0.188  0.368

MSPG 0.5 0.003  0.017
0.25 0.009  0.018

1 -0.002  0.058

LEU 0.5 -0.069 -0.052

0.25 -0.002  0.310

1 0.076  0.500

MTFinance 0.5 0.021 0.583
0.25 -0.262  -0.220

1 0.012  0.127

MTWeather 0.5 -0.023  -0.099
0.25 -0.076  -0.193

D.2 In-Context Learning and Chain of Thought

We conducted three additional experiments for prompting-based methods:

1. LLM Process (LLMP) (Requeima et al., 2024). We use Mistral 8x7B for LLMP, as it shows slightly
better performance than other models (Requeima et al., 2024)).

2. In-Context Learning (ICL). For each dataset, we randomly select three in-context examples from the
training set and evaluate on Qwen-32B and Claude 3.5.

ICL prompt inserted at the beginning of the optimized prompt

# Context-Informed Time Series Forecasting

You will be shown several examples of time series forecasting,
followed by a new case to forecast.

## Examples:
{examples_text}

## Now, forecast for this new case:

3. Chain-of-Thought (CoT). We prompt Qwen-32B and Claude 3.5 to reason step by step, following

et ] (2022).
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CoT prompt inserted at the end of the optimized prompt

Please solve this problem by:

1. First, identify what we know

2. Then, determine what we need to find

3. Next, work through the solution step by step
4. Finally, provide the answer

Based on the newly added methods, our conclusion remains the same: (1) Aligning-based models tend
to outperform prompting-based methods, achieving the lowest MSE and MAE. (2) For prompting-based
methods, we found direct prompting performs better than LLMP, which is consistent with

(2025).
D.3 Finetuning LLM

Most MMTS forecasting studies rely on direct prompting, yet recent work especially on time series reasoning
performs finetuning (Merrill et al} 2024). Motivated by this, we fine-tuned Mistral 7B-Instruct v0.2%| on the
Time-Series Reasoning corpuﬂ casting each sample as a forecasting problem with a horizon of 30 time steps.
We concatenate the historical values, the dataset’s Description field (used as textual context), and the
target sequence into a single stream, tokenize with the native Mistral tokenizer, and truncate or pad to 5,120
tokens. Training proceeds for 20,000 steps on one NVIDIA A100-40GB GPU in bfloat16, using full-parameter
AdamW (learning rate 2.4x10~%4, weight decay 0.1) with a cosine decay schedule and a linear warm-up over
the first 5 % of updates; the global batch size is 4, checkpoints are written every 1,000 steps, and the best
model by validation loss is kept after roughly 16 hours of wall time. All runs fix the random seed to 42.

Fine-tuning reduces error relative to direct prompting, yet a substantial gap to strong unimodal baselines
remains: our fine-tuned Mistral reaches a (lower-is-better) Mean Absolute Scaled Error (MASE) of 1.702,
whereas the dedicated time-series model Chronos attains a MASE of 1.492. This outcome is consistent with
(Merrill et al., 2024)), who notes that LLMs “struggle to learn etiological relationships between time series
and text” even after fine-tuning.

D.4 The Impact of Context length on Direct Prompting

We evaluate direct prompting under different context budgets by truncating the available textual history
to full, half, and quarter length across five categories (PTF, MSPG, LEU, MTFinance, MTWeather) and
tracking changes in forecasting error (MAE and MSE). Although giving the model the full context generally
yields the strongest gains, it exhibits large dispersion across different datasets. Quarter-length context often
exhibits comparable performance compared to halving the context. Therefore, we do not observe an obvious
monotonous trend from 0.25 to 1. This mirrors what we see with alignment-based multimodal methods.

D.5 Vision Language Models

As discussed in Section we also added an experiment converting time series into images (TS-as-image)
and used a vision-language model Claude 3.7 to forecast in Table We compared three scenarios: TS-as-
image—+text+TS, text+TS and TS-as-image+TS, which perform comparably with each other. These results
are consistent with our analysis on the text modality, which also point to the importance of complementary,
future-predictive information. Our conclusion also remains that numerical reasoning for forecasting remains a
significant challenge for current LLMs, regardless of size or architecture.

9https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.2
Ohttps://huggingface.co/datasets/mikeam/time-series-reasoning
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Table 18: MAE, MSE, CRPS, and WQL across various LLMs without text context.

Dataset ‘ Metric ‘ Qwen 1.5B Qwen 7B Qwen 32B  LLaMA3.3 70B  GPT-40 (mini)
MAE 0.308 0.260 0.231 0.269 0.241
Asricnliure MSE 0.206 0.157 0.123 0.171 0.129
gricuiture - cppg 0.232 0.234 0.215 0.255 0.208
WQL 0.091 0.079 0.072 0.081 0.073
MAE 1.013 0.933 0.986 0.984 0.967
Climate MSE 1.586 1.357 1.457 1.487 1.396
smat CRPS 0.685 0.758 0.810 0.885 0.748
WQL 1.184 1.096 1.180 1.213 1.136
MAE 0.162 0.170 0.134 0.148 0.154
Eeonomy MSE 0.041 0.045 0.028 0.033 0.035
Y CRPS 0.113 0.152 0.120 0.138 0.130
WQL 0.051 0.057 0.045 0.050 0.050
MAE 0.291 0.268 0.242 0.250 0.241
Enerey MSE 0.172 0.163 0.136 0.169 0.141
& CRPS 0.233 0.239 0.221 0.233 0.210
WQL 0.611 0.554 0.603 0.489 0.501
MAE 0.667 0.606 0.700 0.732 0.558
Eovironment | MSE 1.169 0.740 1.176 1.712 0.623
vironme CRPS 0.429 0.487 0.458 0.488 0.392
WQL 0.806 0.787 0.833 0.876 0.694
MAE 1.279 0.943 1.030 1.149 1.153
Healil MSE 14.406 2.222 2.864 8.370 4184
caith CRPS 0.839 0.830 0.906 1.020 0.991
WQL 1.414 1.189 1.384 1.413 1.432
MAE 0.514 0.494 0.470 0.475 0.464
Socialeond MSE 0.974 1.002 0.889 0.858 0.872
g CRPS 0.383 0.450 0.432 0.449 0.395
WQL 0.645 0.605 0.606 0.632 0.546
MAE 0.418 0.449 0.365 0.432 0.430
Traffic MSE 0.300 0.341 0.274 0.329 0.319
a CRPS 0.273 0.379 0.317 0.391 0.356
WQL 0.268 0.309 0.260 0.305 0.295
MAE 0.878 0.522 0.489 0.504 0.503
Fashi MSE 15.826 0.619 0.572 0.594 0.593
astuon CRPS 0.575 0.507 0.485 0.504 0.501
WQL 1.476 1.105 1.025 1.078 1.073
MAE 0.385 0.383 0.382 0.401 0.370
Weather MSE 0.278 0.263 0.288 0.314 0.251
CRPS 0.300 0.337 0.344 0.375 0.315
WQL 0.648 0.659 0.677 0.707 0.628
MAE 0.583 0.578 0.577 0.600 0.545
Medical MSE 0.740 0.725 0.761 0.830 0.664
CRPS 0.447 0.501 0.519 0.562 0.459
WQL 0.579 0.580 0.593 0.621 0.540
MAE 0.715 0.901 0.724 0.762 0.619
- MSE 0.933 1.401 1.059 1.157 0.667
CRPS 0.446 0.701 0.572 0.593 0.446
WQL 0.854 1.079 0.890 0.975 0.755
MAE 0.311 0.859 0.494 0.419 0.498
MSPG MSE 0.660 3.421 1.594 1.183 1.654
R CRPS 0.216 0.713 0.483 0.417 0.470
WQL 0.439 0.892 0.753 0.728 0.719
MAE 0.487 0.512 0.451 0.527 0.506
LEU MSE 0.860 0.962 0.870 1.485 0.963
CRPS 0.320 0.382 0.361 0.354 0.378
WQL 0.701 0.760 0.674 0.750 0.731
MAE 0.037 0.032 0.014 0.015 0.012
MTFinance | MSE 0.018 0.007 0.003 0.002 0.002
’ CRPS 0.031 0.027 0.014 0.014 0.012
WQL 0.055 0.483 0.062 0.044 0.059
MAE 0.614 0.604 0.631 0.698 0.546
— MSE 0.731 0.743 0.809 1.049 0.520
MTWeather | ppg 0.463 0.322 0.527 0.566 0.456
WQL 1.032 0.986 1.042 1.246 0.854
MAE 0.541 0.532 0.495 0.523 0.488
Average MSE 2.431 0.885 0.806 1.234 0.813
rage CRPS 0.374 0.439 0.424 0.453 0.404
WQL 0.678 0.701 0.669 0.700 0.630
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Table 19: Additional prompting-based methods.

Dataset H ICL Claude 3.5 ‘ ICL Qwen 32B ‘ CoT Claude 3.5 ‘ CoT Qwen 32B ‘ LLMP Mistral 8x7B
Metrics | MSE  MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE
Agriculture 0.095 0.185 0.122 0.224 0.098 0.222 0.107 0.219 0.541 0.683
Climate 0.882 0.963 0.911 0.675 1.589 0.983 1.425 0.962 1.909 2.297
Economy 0.014 0.074 0.030 0.133 0.036 0.152 0.038 0.155 0.004 0.681
Fashion 0.535 0.472 0.570 0.502 0.555 0.520 0.542 0.489 1.417 0.951
Energy 0.121 0.227 0.097 0.209 0.124 0.244 0.124 0.231 0.390 0.833
Environment | 0.725 0.599 0.649 0.560 0.693 0.590 1.011 0.668 1.099 1.434
Health 1.849 1.276 1.118 0.885 3.858 1.234 2.655 0.969 0.271 0.608
Socialgood 0.840 0.346 0.750 0.402 0.740 0.405 0.781 0.417 0.469 0.637
Traffic 0.185 0.205 0.264 0.345 0.204 0.259 0.279 0.391 2.863 1.262
Weather 0.262 0.376 0.242 0.368 0.253 0.369 0.268 0.376 0.573 0.787
Medical 0.582 0.538 0.603 0.543 0.706 0.577 0.678 0.559 0.967 1.133
PTF 0.220 0.306 0.475 0.429 0.321 0.341 0.588 0.560 0.969 1.216
MSPG 1.998 0.407 1.637 0.488 1.436 0.585 0.932 0.458 0.403 0.354
LEU 1.928 0.523 1.464 0.682 1.636 0.508 1.464 0.682 0.617 0.479
MTFinance | 0.001 0.017 0.003 0.014 0.003 0.015 0.004 0.017 0.003 0.013
MTWeather | 2.090 0.903 0.611 0.827 1.525 0.830 0.463 0.494 0.953 0.603
Average 0.731 0.464 0.638 0.460 0.875 0.499 0.763 0.499 0.892 0.954
Table 20: Performance of vision language model.

Dataset | TS-as-image + Text + TS ‘ Text + TS ‘ TS-as-image + TS

Metrics | MAE MSE | MAE MSE | MAE MSE

Agriculture | 0.236 0.122 | 0.242  0.132 | 0.246 0.133

Climate | 0.956 1.464 | 0.984 1.492 | 0.967 1.487

Economy | 0.164 0.043 | 0132 0.027 | 0.158 0.039

Energy | 0.228 0.118 | 0.244  0.133 | 0.252 0.156

Environment | 0.581 0.646 | 0.590 0.694 | 0.584 0.651

Health | 1.180 5.276 | 1.140  2.966 | 1.333 5.949

Socialgood | 0.450 0.897 | 0419 0.734 | 0.461 0.937

Traffic | 0.382 0.318 | 0.238  0.168 | 0.408 0.358

Fashion | 0.502 0.592 | 0.520 0.565 | 0.505 0.609

Weather | 0.268 0.258 | 0.276  0.271 | 0.264 0.249

Medical | 0.812 0.523 | 0.858 0.602 | 0.794 0.511

PTF | 0.339 0.304 | 0.307 0.247 | 0.440 0.464

MSPG | 0.321 0.570 | 0.291  0.466 | 0.396 0.828

LEU | 0.489 0.827 | 0429 0.755 | 0.436 0.766

MTFinance | 0.013 0.002 | 0.012  0.002 | 0.013 0.002

MTWeather | 0.482 0.432 | 0.496 0.441 | 0.507 0.449

Average | 0.462 0.649 | 0.448 0.605 | 0.485 0.849

39



Published in Transactions on Machine Learning Research (07/2026)

Table 21: MMTS performance for more LLMs, extended results from Table |2 The summarized results can
be found at Figure @

Dataset | Metric | Qwen 1.5B Qwen 7B LLaMA 3B LLaMA 8B LLaMA 70B
MAE 0.422 0.249 0.274 0.420 0.259
Ariculiure MSE 0.395 0.146 0.150 0.537 0.153
gricuiture - crpg 0.308 0.218 0.201 0.337 0.249
WQL 0.117 0.075 0.086 0.126 0.079
MAE 0.982 0.976 1.164 1.862 0.992
Climate MSE 1.526 1.472 1.883 4.964 1.548
© CRPS 0.683 0.834 0.917 1.631 0.912
WQL 1.143 1.194 1.596 2.393 1.245
MAE 0.239 0.171 0.183 0.289 0.156
Eeonom MSE 0.451 0.044 0.053 0.134 0.037
conory CRPS 0.117 0.149 0.131 0.244 0.146
WQL 0.059 0.056 0.060 0.097 0.053
MAE 0.318 0.252 0.327 0.348 0.240
Ener MSE 0.194 0.142 0.226 0.294 0.141
erey CRPS 0.252 0.223 0.239 0.303 0.227
WQL 0.713 0.542 0.832 0.906 0.519
MAE 0.633 0.582 0.942 0.856 0.725
Eovironment | MSE 0.825 0.674 1.976 1.749 1.432
' CRPS 0.434 0.511 0.457 0.652 0.503
WQL 0.785 0.757 1113 1.130 0.906
MAE 1.130 0.880 1.316 2.096 0.883
Health MSE 2.713 1.832 3.701 2.234 2.067
o CRPS 0.844 0.742 0.930 1.692 0.801
WQL 1.535 1.153 1.898 2.518 1.281
MAE 0.737 0.453 0.631 0.538 0.444
Socialeond MSE 1.483 0.809 1.394 1.069 0.623
€ CRPS 0.575 0.386 0.484 0.449 0.417
WQL 0.935 0.546 0.866 0.575 0.634
MAE 0.402 0.395 0.515 0.685 0.403
Trafic MSE 0.293 0.295 0.436 0.767 0.309
CRPS 0.270 0.328 0.389 0.560 0.366
WQL 0.253 0.276 0.331 0.473 0.287
MAE 0.568 0.512 0.800 0.527 0.492
Fashio MSE 0.717 0.600 0.774 0.610 0.563
ashuon CRPS 0.413 0.475 0.399 0.465 0.477
WQL 1.079 1.049 1179 1.049 1.015
MAE 0.376 0.375 0.342 0.514 0.362
Weathe MSE 0.258 0.265 0.211 0.513 0.241
cather CRPS 0.297 0.329 0.250 0.416 0.332
WQL 0.664 0.650 0.596 0.878 0.651
MAE 0.635 0.556 0.787 0.744 0.581
Medical MSE 3.768 0.624 5.883 1.354 0.698
ediea CRPS 0.424 0.493 0.443 0.601 0.546
WQL 0.572 0.566 0.661 0.783 0.603
MAE 0.633 0.899 0.682 0.922 0.663
- MSE 0.770 1.353 0.912 1.495 0.953
CRPS 0.374 0.732 0.823 0.737 0.497
WQL 0.728 1.141 0.354 1.187 0.815
MAE 0.366 0.537 0.889 0.419 0.483
MSPG MSE 0.892 1.257 2.566 1.203 1.267
CRPS 0.234 0.411 0.382 1.203 0.384
WQL 0475 0.876 1.247 0.608 0.845
MAE 0.518 0.503 0.684 0.571 0.652
LEU MSE 0.898 0.909 1.325 1.199 2.703
CRPS 0.319 0.348 0.377 0.509 0.427
WQL 0.734 0.728 1.028 0.931 0.962
MAE 0.034 0.014 0.079 0.030 0.021
MTFinance | MSE 0.244 0.002 0.420 0.011 0.004
CRPS 0.026 0.012 0.033 0.012 0.015
WQL 1.075 0.085 1.045 0.058 0.086
MAE 1.200 0.588 1.236 0.926 0.662
J— MSE 0.868 0.686 1.023 0.939 0.866
MTWeather | ppg 0.355 0.368 0.446 0.418 0.415
WQL 1.399 0.890 1.212 1.227 1.178
MAE 0.575 0.496 0.678 0.734 0.501
Averase MSE 1.018 0.694 1.433 1.192 0.850
rage CRPS 0.370 0.410 0.431 0.639 0.420
WQL 0.767 0.662 0.882 0.934 0.697
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Table 22: CRPS and WQL Results for Table
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Dataset Metric | Unimodal | Aligning | ~ c C =~ @) O

. . . | CRPS 0.190 0198 | 0236 0212 0198 0253 0209 0.219
Agriculture (Liu ef al.[|2024b) WQL 0.082 0.084 0.083 0.071 0070 0081 0074 0.071
. : ; CRPS 0.632 0528 | 0.851 0.815 0.708 1.066  0.800 0.910
Climate (Liu et al | [2024b) WQL 0.889 0.791 | 1304 1.189 1.045 1368 1191 1.289
. CRPS 0.136 0244 | 0.149 0.139 0.150 0.186 0.133  0.136
Economy (Liu et al.| [2024b) WQL 0.061 0.106 | 0.058 0.051 0.059 0.064 0.052  0.053
. ; CRPS 0.166 0179 | 0206 0212 0215 0247 0209 0217
Energy (Liu et al.| 2024b) WQL 0.210 0229 | 0.574 0541 0527  0.602 0548  0.561
. . . | CRPS 0.321 0.305 | 0.627 0.446 0.486 0.807  0.402  0.475
Environment (Liu et al.|2024b) |y 0.540 0519 | 1.336 0.826 0947 1.078  0.707  0.766
. ; CRPS 0.578 0.667 | 0.861 0.836 0.857 1.100 1.031  1.067
Health (Liu et al|[2024b) WQL 0.647 0.777 | 1335 1252 1347 1543 1608 1.722
. . ; CRPS 0.353 0337 | 0454 0.385 0313 0461 0411  0.370
Socialgood (Liu et al.[2024b) WQL 0.346 0.344 | 0.600 0558 0410 0.580  0.609  0.471
. CRPS 0.199 0202 | 0.390 0298 0281 0458 0.344  0.239
Traffic (Liu et al.| [2024b) WQL 0.149 0.147 | 0335 0251 0252 0329 0287 0.204
_ . .| CRPS 0.290 0.296 | 0.493 0.466 0.448 0550  0.441  0.458
Fashion (Skenderi et al |2024) | yyop 0.665 0.680 1075  0.998 00964 1.157  0.954 0.981
. . CRPS 0.223 0268 | 0.317 0.305 0.304 0403  0.295 0.315
Weather (Kim et al.|[2024) WQL 0.350 0412 | 0.677 0.624 0636 0729  0.611 0.631
. . ; CRPS 0.382 0339 | 0496 0.500 0472 0.601  0.465 0.505
Medical (Kim et al.| [2024) WQL 0.371 0328 | 0581 0.579 0554 0.644  0.547  0.580
: . CRPS 0.140 0135 | 0423 0.331 0361 0476 0477  0.280
PTE (Wang et al.| 2024) WQL 0.197 0191 | 0.899 0.568 0.642 0.770 0.770  0.436
, ; CRPS 0.182 0173 | 0.361 0.383 0.309 0.611 0.371  0.338
MSPG (Wang et al.[|2024) WQL 0.347 0323 | 0.718 0.650 0.695 0.884 0.769  0.650
; CRPS 0.240 0239 | 0.347 0.329 0.309 0568 0.362 0.337
LEU (Wang et al.|2024) WQL 0.479 0474 | 0.859 0.674 0.695 0941  0.719  0.792
. . | CRPS 0.012 0016 | 0.017 0.012 0017 0262 0012 0.013
MTFinance (Chen et al.[2025) |y 0.023 0031 | 0.172 0.061 0459 1.170  0.067  0.091
, . | CRPS 0.236 0234 | 0641 0504 0423 1.198 0451  0.527
MTWeather (Chen et al.[2025) | ysop 0.368 0.370 1.598  1.054 1.074 2223 0877 1.371
Averase CRPS 0.267 0273 | 0429 0.38 0.366 0578  0.401  0.400
g WQL 0.358 0.363 | 0.763 0.622 0.649 0.885  0.649  0.667
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E MMTS with Image Modality

For the main experiment, in alignment with the MMTS definition in the introduction, we focus on incorporating
text, which is the most common form of MMTS research domain. As discussed in Section [I.1} for the Fashion
e-commerce forecasting dataset in Table 2] we ran new experiments incorporating product images in the
dataset. For aligning-based models, we use the CLIP model Radford et al.| (2021)) to embed images and
text, and use Chronos to extract time series features: Aligning (TS+image) and Aligning (TS+text+image).
For prompting-based models, we use Claude 3.7 to process images: Prompting (T'S+image) and Prompting
(TS+text+image). Our conclusion remains consistent that adding the image information does not outperform
the TS+text variant in Table[2] The TS+image and TS+text+image models are within noise of TS+text and
sometimes slightly worse. Qualitatively, the images provide style/category redundancy already captured by
textual tags, adding little complementary signal, which is consistent with our findings in Section These
results provide preliminary evidence that a similar pattern may hold for other modalities: the benefit of an
additional modality is conditional on its complementarity and not just its presence.

Table 23: Performance on the Fashion dataset after adding the image modality.

Mot rics Aligning Prompting

Image + TS Image + Text + TS | Image + TS Image + Text + TS
MSE ‘ 0.526 0.490 ‘ 0.659 0.677
MAE | 0.520 0.486 | 0.574 0.576
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Figure 13: Varying trend where text contains unique information.
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Figure 14: Varying trend where text contains redundant information.

F Synthetic Time Series Generation

As described in Section [£.6] we construct synthetic MMTS datasets by explicitly controlling the relationship
between text and time series. All time series are generated using Gaussian Processes (GPs). We consider
three distinct scenarios (Trend, Seasonality, and Spikes), to study how the text encodes information that is
either unique (only available through text) or redundant (already present in the time series). In Figure |§| of
Section we visualize representative samples for each scenario. Additional examples are provided below.

Trend. Example time series-text pairs are shown in Figures [I3] and [I4] Figure [T illustrates unique
information, where the trend direction increases or decreases exactly at the forecasting point and is only
indicated in the text. In contrast, Figure [[4] demonstrates redundant information, where the trend direction
already changes within the observed time series context.

Seasonality. Figures |15 and [L6] show time series—text examples for the seasonality setting. In Figure the
periodicity increases or decreases at the forecasting point, providing unique information that is captured by
the text. Figure[I6] on the other hand, presents redundant information, where the period shifts within the
input context. For simplicity, the time series generated from GP are stationary.

Spikes. We present examples in Figures [17] and In Figure the text reveals unique information about
whether a spike will occur at the next seasonal peak, which is not visible from the input context alone.
Conversely, Figure [I§] depicts redundant information, where future spikes can be inferred from earlier spike
patterns already observed in the context. For simplicity, the time series generated from GP are stationary.
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Figure 17: Varying spike where text contains unique information.
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Figure 18: Varying spike where text contains redundant information.
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Figure 19: MMTS performance with respect to the explicitness of text information. Aggregated results of
these datasets except Fashion (which only has a one-step history and therefore lacks history descriptions),
are shown in Figure

G Synthetic Text Generation

In Figure of Section we visualize representative samples for LLM-generated descriptions. In this
section, we provide additional example visualizations of LLM-generated time series history, future descriptions
and events in Figure 20} 21} 22] 23] 24} 25} [26] 27] 28} 29} The first row of each figure is the LLM descriptions
on history time series (denoted as “History Desc” in Figure [11] and Figure ; the second row is the LLM
descriptions on future time series (denoted as “LLM Desc” in Figure [L1{and Figure ; and the last row is
the LLM-generated events that mimic real-world events that could plausibly explain the observed time series
patterns (denoted as “LLM Event” in Figure L1 and Figure .

G.1 Time Series Description Using LLM

In Section to generate natural language descriptions of the time series data (denoted as “LLM Desc” for
future time series and “History Desc” for history time series in Figure [11{ and Figure , we employed the
Claude 3.5 Sonnet model accessed via Amazon Bedrock. The LLM was prompted with a specific instruction
set designed to elicit concise summaries of the key patterns and trends within each univariate time series,
while filtering out minor fluctuations. The prompt used was as follows:

Prompt to generation synthetic description of the time series

You are a data analyst assistant. Given a univariate time
series, generate a natural language description that briefly
summarizes the key patterns, trends, and characteristics of
the time series. Focus on the overall features and omit the
obvious noise (small fluctations).

Focus on describing:

- The overall trend (increasing, decreasing, stable,

nonlinear, etc.)

- Significant changes (sudden jumps, drops, or trend reversals)
- Anything notable about the shape of the curve

- Omit the obvious noise (small fluctations)

<time_series>
{time_series}
</time_series>

Please write a concise but informative summary of the time
series in natural language. Your output must be wrapped
strictly within <summary> and </summary> tags. Do not include
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any text outside these tags. Limit the answer wthin 50 words.
Do not mention the exact numbers.

The LLM was provided with the time series data within the <time_series> tags, and the generated summary
was expected to be enclosed within <summary> and </summary> tags, adhering to the specified length and
content constraints. This approach allowed us to obtain consistent and focused textual descriptions of the
temporal patterns for further analysis or interpretation.

G.2 Real Events that Mimic Text Generation

In addition to generating general summaries, we also prompted the LLM to create text that mimics real-world
events that could plausibly explain the observed time series patterns, while staying coherent with the domain
of the data (denoted as “LLM Event” in Figure and Figure [19). For this task, we again used the Claude
3.5 Sonnet model via Amazon Bedrock with the following prompt:

Prompt to generation synthetic descriptions of the time series that mimic real events

You are a data analyst assistant who explains time series
behaviors by imagining real-world events that could cause
them. Your explanation must be plausible and align with the
dataset’s domain.

{domain_hint}

The generated text need to coherent with the change of the
time series:

- The overall trend (increasing, decreasing, stable,
nonlinear, etc.)

- Any significant changes (sudden jumps, drops, or trend
reversals)

- Notable shape features (e.g., plateau, dip, spike)

- Ignore minor fluctuations or noise

Do not mention specific numeric values. Your response must be
wrapped strictly within <summary> and </summary> tags. Keep
the explanation under 50 words and avoid any text outside the
tags. Below is a univariate time series. Based on the trend,
change points, and curve shape, imagine a plausible real-world
event that could explain the pattern. Stay coherent with the
domain.

<time_series>
{time_series}
</time_series>

Respond with only a natural-sounding explanation enclosed
strictly within <summary> and </summary> tags. No numbers. No
extra text. Limit to 100 words.

To ensure that LLM generates plausible real-world event explanations, we provided domain-specific hints
based on the filename of the time series data. Table [24] outlines the mapping between filename keywords and
the corresponding domain hints used in the prompt. Each datasets will get mapped to the most plausible
domains based on the dataset name. For example, the weather dataset and MTweather will have the same
domain hint.
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Table 24: Domain hints provided to the LLM based on filename keywords.

Filename Domain Hint

Keyword

agri This dataset comes from the agriculture domain and may track crop yields,
irrigation usage, or farm production activity.

climate This dataset reflects climate variables such as temperature, precipitation, or
CO2 levels over time.

economy This dataset tracks economic indicators such as GDP, inflation, unemployment,
or financial market performance.

energy This dataset belongs to the energy sector and may measure electricity demand,
power generation, or gas usage.

environment  This dataset relates to environmental monitoring, such as pollution levels,
ecosystem health, or sustainability metrics.

health This dataset comes from the healthcare domain and may track patient vitals,
disease spread, or hospital resource use.

socialgood This dataset is related to social good applications, potentially measuring out-
comes in education, inequality, public health, or crisis response.

traffic This dataset captures traffic flow, congestion, or transportation usage in a road
or urban network.

fashion This dataset is from the fashion or retail sector and may track product demand,
seasonal sales trends, or consumer behavior.

weather This dataset records weather conditions such as temperature, humidity, wind
speed, or rainfall.

medical This dataset comes from the medical domain and tracks clinical events, treatment
responses, or patient monitoring data.

ptf This dataset comes from Paris Traffic Flow

mspg This dataset is from Melbourne Solar Power Generation.

leu This dataset London Electricity Usage

(other) This dataset belongs to a scientific or application-specific domain. Use best

judgment to infer a plausible real-world context.

These domain hints were inserted into the prompt’s {domain_hint} placeholder to guide the LLM in
generating contextually relevant and plausible explanations for the observed time series behaviors.

H Broader Impact Statement

Our work helps clarify when multimodal time series forecasting is truly beneficial, encouraging more transparent
and data-aware modeling practices. While our benchmark promotes robust evaluation, we should note that
combining text with time series may raise privacy concerns, e.g., if applied to sensitive domains like healthcare
or finance. Several mitigations can reduce these risks in practice, including careful data minimization and
selection, and de-identification or aggregation of sensitive attributes. Addressing these issues will be important
if MMTS methods are to deliver on their promise.
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History

Future

Real

Sample 1

Sample 2

Sample 3

Sample 4

« History | Forecast -

The series shows an initial upward trend followed
by a plateau in the middle section. It then
reverses direction, displaying a gradual downward
trend in the latter half, though not reaching the
levels seen at the start.

Sample 1

« History | Forecast -

The series shows two distinct peaks forming a
double-hump pattern. Starting low, it rises to its
first peak, declines, then rises again to a
similar height before gradually stabilizing at a
moderate level. The overall trend appears cyclical
rather than linear.

Sample 2

« History | Forecast »

The series shows a gradual rise from an initial
low point, reaching a peak in the middle period,
followed by a moderate decline in the latter half.
The overall pattern resembles an inverted U-shape,
with smoother transitions between phases.

Sample 3

« History | Forecast -

The series exhibits a consistent upward trend
throughout, starting slowly then accelerating in
the middle period. The growth rate moderates
towards the end, showing signs of leveling off.
The curve follows a roughly exponential shape with
no significant drops or reversals.

Sample 4

« History | Forecast -

The series shows a clear upward trend throughout,
starting slightly negative and steadily
increasing. The growth rate accelerates in the
middle portion, creating a slight S-shaped curve,
before continuing its consistent upward trajectory
towards the end.

Sample 1

« History | Forecast -

The series shows a consistent downward trend
throughout, with a brief upward deviation in the
middle portion. After this temporary increase, the
decline continues more steeply in the latter half,
reaching its lowest point at the end.

Sample 2

« History | Forecast

The series shows a relatively stable pattern
initially, followed by a modest upward trend in
the latter half. A notable acceleration in growth

appears near the end, creating a steeper upward
trajectory during the final periods.

Sample 3

« History | Forecast -

The series shows a steady upward trend initially,
followed by a sharp acceleration in the middle
portion. After reaching its peak near the end,
there's a slight decline in the final period,
creating a subtle hook-shaped pattern.

Sample 4

N

« History | Forecast -

A power plant gradually increased its generation
output as it recovered from a maintenance
shutdown. After reaching normal operation levels,
a minor equipment malfunction caused a slight dip
in the final period, requiring quick adjustments
to maintain grid stability.

« History | Forecast -

A power plant maintained steady output early in
the year until equipment failures began causing
declining generation. The sharpest drop occurred
when a major turbine malfunction forced partial
shutdown. Despite temporary repairs boosting
output briefly, continued technical issues led to
severely reduced capacity by year's end.

« History | Forecast -

A gradual transition from coal to natural gas
power generation, with energy efficiency
improvements leveling off in recent periods. The
initial steep increase in efficiency slowed as the
most impactful upgrades were completed, reaching a
stable operational state.

Figure 20: Synthetic text for Energy dataset.
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« History | Forecast -

A gradual decline in power consumption during
spring months as temperatures moderate, followed
by a sharp rebound in summer when air conditioning
demand kicks in. The plateau towards the end
suggests stabilized usage during consistent
weather conditions.
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History

Future

Real

Future

Sample 1

Sample 2

Sample 3

Sample 4

ol

§

« History | Forecast -

The series shows a slight upward trend despite
high volatility. Initially stable at lower levels,
it experiences occasional upward spikes in the
middle portion, followed by sharp drops. The
overall pattern suggests irregular fluctuations
around a gradually rising baseline.

Sample 1

« History | Forecast -

The series shows an overall upward trend with
notable volatility. It starts near zero,
experiences several significant spikes upward in
the middle portion, followed by a brief dip,
before ending with a strong upward surge in the
final segment.

Sample 2

« History | Forecast -

The series exhibits high volatility without a
clear long-term trend. It oscillates between
positive and negative values, showing several
sharp spikes and dips throughout. The fluctuations
appear random rather than seasonal, with the
largest peak occurring near the end.

Sample 3

« History | Forecast -

The series shows high volatility with no clear
long-term trend. A notable spike occurs near the
middle of the period, followed by a sharp decline.

The latter half exhibits mostly negative values.
with moderate fluctuations around a downward-
leaning baseline.

Sample 4

il

(]

%

« History | Forecast -

The series shows high volatility with an overall
slight upward trend. Initially stable at low
levels, it experiences several notable spikes in
the middle and end portions. The latter half
contains more frequent and larger positive peaks
compared to the earlier period.

Sample 1

« History | Forecast -

The series exhibits substantial volatility without
a clear long-term trend. It oscillates between
moderate peaks and troughs throughout, with
occasional sharp drops into negative territory.

The fluctuations appear random rather than
seasonal, mamtammg a roughly consistent
amplitude over time.

Sample 2

« History | Forecast -

The series exhibits a generally flat trend with
persistent negative values throughout. While
mostly fluctuating within a consistent range,
there's one notable positive spike near the middle
of the series. The overall pattern shows irregular
oscillations without clear seasonality.

Sample 3

« History | Forecast -

The series exhibits a slight downward trend
overall, with high initial volatility followed by
more stable fluctuations. There's a notable spike
near the beginning, after which the values
generally oscillate around a lower level with
periodic minor recoveries.

Sample 4

Judl]

)

§

Ml

« History | Forecast -

Urban air quality fluctuates seasonally as winter
pollution episodes alternate with cleaner summer
air. Industrial emissions and weather patterns
create recurring spikes during cold months when
temperature inversions trap pollutants, while
summer brings periods of improved air quality
through better atmospheric mixing and reduced
heating needs.

Sample 1

« History | Forecast -

A coastal wetland ecosystem experiences volatile
biodiversity levels due to alternating periods of
algal blooms and die-offs. The increasingly
extreme swings reflect an unstable system,
possibly due to irregular nutrient runoff from
nearby agricultural activities and changing water
temperatures.

Sample 2

« History | Forecast -+

A coastal ecosystem experienced persistent
deterioration due to chronic industrial discharge,
with pollution levels remaining consistently
elevated. A brief improvement occurred when a
temporary treatment facility was installed, but
its effectiveness was short-lived as operational
issues emerged, causing pollution levels to return
to problematic levels.

Figure 21: Synthetic text for Environment dataset.

Sample 3

« History | Forecast -+

Initial low pollution readings were disrupted when
a new industrial facility began operations,
causing a sharp spike in environmental
contamination. After reaching peak emissions, the
facility implemented green technologies and
filtration systems, leading to a gradual decline
back to baseline levels as these measures took
effect.

Sample 4

N

/\ﬂ

-

=

« History | Forecast -
The series starts at a peak value and shows a
clear downward trend throughout. After an initial
sharp decline, there's a brief recovery followed
by a steady descent, eventually leveling off
slightly near the end at a low point.

Sample 1

« History | Forecast -
The series shows an overall upward trend with
initial volatility, followed by a sharp rise to a
peak in the middie portion. It then experiences a
notable decline in the latter part while
maintaining levels above the starting point.

Sample 2

« History | Forecast -
The series shows a sharp decline in the early
portion, followed by a period of relative
stability in the middle. It concludes with a
gradual downward trend, ultimately turning
negative in the final readings

Sample 3

« History | Forecast -
The series shows a consistent downward trend
throughout its duration. The decline starts
gradually in the early period but becomes steeper
in the latter half, accelerating towards the end
to reach its lowest point.

Sample 4

A

v

g

JaN

« History | Forecast -
A luxury fashion brand's signature handbag line
shows steadily declining popularity as younger
consumers shift towards more sustainable, eco-
friendly accessories. The gradual downward trend
reflects the growing consumer sentiment against
traditional leather goods.

« History | Forecast -
A struggling fashion brand's turnaround story -
after several weak quarters, they brought in a new
creative director who gradually modernized their
designs. The collection received increasingly
positive reception at fashion weeks, leading to
improved sales, though recent mixed reviews
suggest the novelty may be wearing off.

« History | Forecast -
A trendy fashion accessory initially gained
popularity through social media influencers, but
after customer complaints about quality issues and
negative reviews went viral, sales plummeted. The
brand's reputation never recovered, leading to
sustained poor performance in the market.

Figure 22: Synthetic text for Fashion dataset.
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« History | Forecast -
A trendy fashion item initially saw strong
popularity driven by celebrity endorsements, but
enthusiasm gradually waned as cheaper knockoffs
flooded the market. The style ultimately fell out
of favor as fashion influencers moved on to newer
trends, leading to clearance sales and markdowns.
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Sample 1

Sample 2 Sample 3

Sample 4

History

Future

Real

« History | Forecast -

The series shows a generally declining trend with
some fluctuations. After an initial slight dip, it
experiences a steep drop, followed by a brief

recovery before falling again to reach its lowest
point at the end.

Sample 1

« History | Forecast « History | Forecast -
The series shows moderate volatility with an
overall slight upward trend. A notable spike
occurs in the middle of the period, followed by a
sharp decline that stabilizes at an intermediate
level for the remainder of the series.

The series remains consistently negative
throughout, showing moderate fluctuations. There's
a brief upward movement in the middle, followed by

a sharp decline, before settling back to initial
levels at the end.

Sample 2 Sample 3

« History | Forecast -

The series shows high volatility with an initial
decline followed by a sharp upward spike. After
the spike, it maintains a moderately stable
positive level with slight upward movement towards
the end.

Sample 4

« History | Forecast -

The series shows an overall flat trend with
moderate fluctuations. There's a notable dip in
the middle portion, creating a V-shaped pattern,
before returning to levels similar to the start.
No clear long-term directional trend is evident.

Sample 1

« History | Forecast - « History | Forecast -
The series shows an overall declining trend. It
begins with a moderate negative value, briefly
stabilizes in the middle, then drops sharply in
the latter half before leveling off at a lower
level near the end.

The series shows a relatively stable negative
trend with minor fluctuations. There's a slight
improvement in the middle portion, followed by a
modest decline, but overall the values remain
consistently below zero throughout the period.

Sample 2 Sample 3

« History | Forecast -

The series shows an initial sharp increase
followed by an immediate decline, then a moderate
recovery and plateau in the middle. It ends with a
notable drop in the final portion, settling at a
lower level similar to the starting point.

Sample 4

« History | Forecast -

A patient’s blood pressure fluctuates erratically
after starting a new antihypertensive medication,
showing the body's initial unstable response as it

adjusts to the treatment. The inconsistent
readings suggest the dosage may need adjustment.

« History | Forecast - « History | Forecast -
A patient’s blood pressure gradually improved
during initial treatment, showing positive
response. However, the introduction of a new
medication caused an adverse reaction, leading to
a sudden drop and sustained low readings that
required dose adjustment.

A patient's inflammation markers show initial
elevation, then decrease with medication. After
stabilizing briefly, levels spike significantly at
the end, suggesting a possible allergic reaction
or infection complication requiring immediate
medical attention.

Figure 23: Synthetic text for Medical dataset.

o1

« History | Forecast »

A patient's inflammatory response during infection
treatment shows initial fluctuation, then spikes
as symptoms peak, followed by a sharp decline

after antibiotics take effect, settling into a
moderate recovery phase.
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History

Future

Real

Sample 1

Sample 2

Sample 3

Sample 4

—\i

« History | Forecast -

The series shows an initial sharp increase
followed by a steep decline over the first few
periods. After reaching a low point, it stabilizes
with a slight upward trend in the latter half,
forming a rough V-shaped pattern overall.

Sample 1

« History | Forecast

The series exhibits a relatively stable negative
trend with minor fluctuations. There's a brief
upward movement in the middle followed by a sharp
decline towards the end, reaching its lowest point
in the final observation.

Sample 2

« History | Forecast -

The series shows a predominantly upward trend
initially, reaching a peak near the end, followed
by a notable decline in the final period. The
growth rate is steeper in the early phases before
gradually moderating.

Sample 3

« History | Forecast -

The series shows an initial slight decline,
followed by a notable upward surge reaching a peak
in the middle, then gradually descends back to
near-initial levels by the end, creating an
inverted V-shaped pattern.

Sample 4

« History | Forecast -

The series shows high volatility with no clear
trend. It fluctuates between moderate and high
values, experiencing two notable peaks with sharp
drops following each peak. The pattern suggests an
unstable, oscillating behavior.

Sample 1

« History | Forecast -

The series shows a U-shaped pattern, initially
declining for the first few periods before
reversing course and steadily increasing through
the latter half, ultimately reaching a level
slightly higher than its starting point.

Sample 2

« History | Forecast -

The series shows an initial sharp decline followed
by a period of stability in the middle, before
gradually recovering in the latter portion. The
overall pattern resembles a U-shaped curve, with
the lowest points occurring in the middle section.

Sample 3

« History | Forecast -

The series shows an initial upward trend from a
low point, followed by a notable peak in the
middle. It then experiences a sharp decline before
recovering again towards the end, creating a
somewhat volatile W-shaped pattern.

Sample 4

« History | Forecast -

Local weather shows typical daily temperature
fluctuations, with a noticeable midweek warming as
clouds cleared and sunny conditions prevailed. The

temperature then dropped as a cold front moved
through, before another warm spike from southerly
winds, followed by cooling as the front passed.

« History | Forecast -

A brief cold snap occurs, reaching its lowest
point on the second day. The temperature then
gradually recovers over several days, with a
temporary warm spell in the middle, before
settling back to moderately cool conditions.

« History | Forecast -

A brief warm front passes through the area,
causing temperatures to rise steadily over a few
days before quickly dropping again as a cold air
mass moves in, returning conditions closer to the

initial cooler temperatures.

Figure 24: Synthetic text for Weather dataset.
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« History | Forecast »

A cold front gives way to rapid warming as cloud
cover clears and strong sunlight heats the ground.
The temperature rises sharply before leveling off
in the afternoon when thermal equilibrium is
reached between solar heating and surface cooling.
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History

Future

Sample 1

Sample 2

Sample 3

Sample 4

s

« History | Forecast -

The series exhibits volatile behavior with

multiple sharp spikes upward followed by rapid

declines. Starting from a low base, it shows

several major peaks of increasing magnitude, with
the largest spike occurring roughly two-thirds

through the series, before returning to lower
levels.

Sample 1

« History | Forecast -

The series exhibits several notable spikes forming
a clustered pattern of peaks, followed by rapid
drops back to baseline. The baseline remains
relatively stable throughout, with minor
fluctuations. Between peaks, there are periods of
calm with minimal variation.

Sample 2

« History | Forecast -

The series exhibits relatively stable low values
initially, followed by several sporadic spikes in
the middle section. The most notable feature is a
dramatic surge near the end, creating the highest
peak, before quickly returning to baseline levels.

Sample 3

« History | Forecast -

The series shows high volatility with multiple
cycles. It maintains a relatively stable trend in
the first half, followed by a dramatic decline in

the latter portion. Several sharp spikes occur
throughout, with the most notable peak appearing
near the middle of the series.

Sample 4

« History | Forecast -

The series shows a slightly decreasing trend

initially, followed by a gradual upward movement

in the middle section. It exhibits moderate
volatility throughout, with no strong seasonal
patterns. The fluctuations remain within a
consistent range, suggesting overall stability
despite short-term variations.

Sample 1

« History | Forecast -

The series shows an initial sharp decline followed
by a brief spike upward. It then stabilizes at a
lower level with moderate fluctuations. Near the
end, there's another notable upward spike followed
by a retur to moderate levels.

Sample 2

« History | Forecast -

The series maintains a relatively stable negative
level initially, followed by a slight upward shift
in the middle. A dramatic spike occurs with three
consecutive peaks, forming a sharp triangle
pattern, before quickly returning to its original
negative level for the remainder.

Sample 3

« History | Forecast -

The series maintains a relatively stable negative
level for the first half before experiencing two
notable upward spikes. It then settles at a
slightly higher negative level in the latter
portion, before showing a sharp downward movement
at the very end.

Sample 4

« History | Forecast -

A typical weekday electricity pattern was

disrupted by three distinct power surges. The

largest spike likely occurred during a major

sporting event broadcast, while the two smaller

spikes suggest local substations temporarily

rerouting power during maintenance work. Usage
returned to normal residential levels after each

incident.

« History | Forecast -

London experienced typical low electricity usage
until a major sporting event, likely a high-
profile football match, caused a dramatic surge in
power consumption as millions of residents turned
on their TVs simultaneously. After the match
ended, usage gradually returned to normal levels
as viewers dispersed and resumed regular evening
activities.

« History | Forecast -

A typical winter day's electricity usage shows low
overnight consumption until a massive morning peak
as people wake up and offices power on
simultaneously. Usage quickly returns to baseline
as activities normalize, followed by smaller
fluctuations throughout the workday before
settling into evening levels.

Figure 25: Synthetic text for LEU dataset.
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« History | Forecast -

London experienced a typical winter evening spike
in electricity usage as people returned home from
work, followed by a gradual decline during late
night hours. A second, larger surge occurred
during an unusually coid snap, when residents
simultaneously cranked up their heating systems
while cooking dinner.



Published in Transactions on Machine Learning Research (07/2026)

History

Future

Sample 1

Sample 2

Sample 3

Sample 4

« History | Forecast -

The series shows a cyclic pattern with steady
baseline periods interrupted by three distinct
active phases. Each active phase exhibits a rapid
rise followed by a peak and gradual decline, with
the third phase showing the highest volatility and
amplitude.

Sample 1

« History | Forecast -

The series shows a repeating pattern with three
distinct cycles. Each cycle begins with a stable
low period, followed by a smooth upward curve,
reaching a peak, then experiencing volatile
fluctuations before rapidly dropping back to the
baseline level.

Sample 2

« History | Forecast -

The series shows a recurring pattern of stable low
periods interrupted by brief upward spikes
followed by gradual declines. Each cycle exhibits
a sharp rise, a short plateau at the peak, then a
steeper descent back to the baseline level.

Sample 3

« History | Forecast -

The series shows a recurring wave-like pattern
with stable baseline periods interrupted by
temporary upward movements. Each cycle features a
gradual rise followed by a relatively quick return
to baseline, creating three distinct wave
formations across the timeline.

Sample 4

1

« History | Forecast -

The series remains flat initially, then shows a
gradual upward movement followed by moderate
fluctuations in the middle section. It eventually
stabilizes and returns to its original level,
creating a temporary bump-like pattern in the
otherwise constant series.

Sample 1

« History | Forecast -

The series begins with a long stable period,
followed by a gradual rise leading to a pronounced
spike with high volatility in the middle section.

It then declines and stabilizes back to the
initial level, forming a distinct bell-shaped
pattern in the central portion.

Sample 2

« History | Forecast -

The time series exhibits a completely flat,
constant value throughout the entire period,
showing no variation, trend, or seasonal patterns.
This suggests a static measurement or controlled
variable that remains perfectly stable over time.

Sample 3

« History | Forecast -

The series shows a stable flat pattern initially,
followed by a gradual rise to a notable peak in
the middle section. It then experiences moderate
fluctuations before gradually declining back to
its original level, where it stabilizes again.

Sample 4

« History | Forecast -

A typical sunny summer day in Melbourne shows
solar generation ramping up at dawn, reaching peak
output around midday. Brief cloud coverage caused
two sharp drops in generation. The afternoon saw
variable cloud conditions creating fluctuating
output before steadily declining as the sun set,
returning to zero output during nighttime hours.

« History | Forecast -

A cloudy winter morning transitions to partial sun
around mid-day, with intermittent cloud coverage
causing fluctuating solar power generation. The
day ends with thick cloud cover returning,
bringing solar output back to minimal levels
typical of overcast conditions.

« History | Forecast -

A typical sunny day's solar generation pattern in
Melbourne, starting with zero output during pre-
dawn hours, gradually increasing as the sun rises,
reaching peak generation during midday with some
cloud-induced fluctuations, then declining as the
sun sets, returning to zero output after dusk.

Figure 26: Synthetic text for MSPG dataset.
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« History | Forecast -

A typical sunny day in Melbourne, starting with

zero solar generation during pre-dawn hours. As
the sun rises, power generation graduall

increases through morning, with brief cloud cover

causing minor dips. Peak generation occurs at
solar noon with clear skies, followed by a smooth
decline as the sun sets. The day ends with zero

generation during night hours.
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Future

Real

Sample 1

Sample 2

Sample 3

Sample 4

« History | Forecast -

The series shows a cyclical pattern with
alternating downward and upward movements. It
begins with a steep decline followed by a sharp
recovery, and this wave-like pattern repeats
multiple times throughout the series, though with
decreasing amplitude over time.

Sample 1

« History | Forecast -+

The series exhibits a clear cyclical pattern with
regular peaks and troughs. Each cycle shows a
gradual rise followed by a steeper decline. The
overall trend appears stable across cycles, though
peak amplitudes show slight variations. The
pattern maintains consistent periodicity
throughout.

Sample 2

« History | Forecast -

The series exhibits a cyclical pattern with
regular upward and downward movements. Each cycle
shows a gradual rise followed by a sharp decline.
The overall amplitude of these cycles remains
relatively consistent, though the peaks show a
slight upward trend over time.

Sample 3

« History | Forecast -+

The series exhibits a cyclical pattern with
regular ups and downs around an upward trend. Each
cycle shows steep rises followed by sharp
declines, with peak amplitudes gradually
increasing over time. The oscillations maintain
relatively consistent frequency throughout the
series.

Sample 4

« History | Forecast -

The series initially shows a steady decline,
reaching its lowest point after the first quarter.
It then exhibits a sharp recovery followed by
fluctuating but relatively stable behavior in the
middle period, before gradually declining again
towards the end.

Sample 1

« History | Forecast -

The series shows an initial downward trend
followed by a sharp upward spike in the middle.
After the peak, it maintains a moderately elevated
level with some volatility, displaying a wave-like
pattern before gradually settling to more stable
values near the end.

Sample 2

« History | Forecast -

The series shows an initial downward trend
followed by a recovery phase. After reaching its
lowest point in the middle section, it
demonstrates a gradual upward movement with some
volatility, though not fully recovering to its
starting levels.

Sample 3

« History | Forecast -+

The series shows a U-shaped pattern, starting with
a downward trend that reaches its lowest point in
the middle section, followed by a steady recovery
and upward trend. Near the end, there's a sharp
decline, creating a hook-like pattern.

Sample 4

« History | Forecast -

A typical weekday traffic pattern in Paris shows
early morning calm followed by a steady rush hour
buid-up. Traffc pesks during mid-marnin

« History | Forecast -

A major road construction project caused severe

congestion early in the day. As the morning rush

hour ended, traffic flow gradually improved. The
w stable flow, but c

business hours, eavy flow t
the workday, then experiences another surge during
evening rush hour before dramatically declining as

night fa

built up again during the evening commute, though
not as severely as the morning disruption.

« History | Forecast -

Morning rush hour traffic builds steadily as
commuters head to work in Paris, with volume
eaking during mid-morning. After the peak,
traffic slightly eases but maintains high leveis
throughout the business day, showing typical
workday urban congestion patterns with minor
fluctuations during lunch hours.

Figure 27: Synthetic text for PTF dataset.
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« History | Forecast -

Traffic flow shows typical daily pattern in Paris:
very light early morning traffic, reaching its
lowest point during pre-dawn hours, followed by
sharp increase during morning rush hour. After
peak commute, flow stabilizes during midday, then
experiences another small dip during evening rush
hour before returning to moderate levels.
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« History | Forecast -

The series exhibits a generally stable pattern
with minor fluctuations around a constant level.
There are two notable brief upward spikes near the
end of the series, but it quickly returns to its
baseline level. Overall volatility remains low
throughout the observation period.

Sample 1

« History | Forecast -+

The series exhibits a very subtle but consistent
downward trend over time. While mostly stable with
minimal fluctuations, there are a few minor step
changes where the values shift slightly lower.
Overall volatility is extremely low throughout the

Sample 2

« History | Forecast -+

The series shows a generally upward trend with
three distinct phases: a steady initial rise,
followed by a steeper increase in the middle
section reaching a peak, then a notable decline in
the final portion returning to moderate levels
with some stabilization.

Sample 3

« History | Forecast -

The series shows a gradual downward trend
initially, followed by a relatively stable period.
Around three-quarters through, there's a notable
upward shift, after which the values stabilize at
a higher level with mild fluctuations. The overall
volatility remains low throughout.

entire period.

M*

i

Sample 4

N

« History | Forecast -

The time series shows a gradual upward trend in
the early portion, followed by a period of
stability with minor fluctuations. A subtle

downward dip occurs in the middle section, but the
series recovers and maintains relatively steady
values towards the end.

Sample 1

« History | Forecast -

The time series exhibits a subtle downward trend
initially, followed by a brief upward movement in
the middle section. It then gradually declines
again before stabilizing towards the end. Overall
volatility is low, with minimal fluctuations
throughout the series.

Sample 2

« History | Forecast -

The series shows a gradual declining trend
initially, followed by a period of relative
stability in the middle portion. Towards the end,
there's a notable upward movement, though the
final readings indicate a slight pullback from the
peak values.

Sample 3

« History | Forecast -

The time series exhibits a very subtle upward
trend overall, starting from a slightly lower
level and gradually stabilizing. The movement is
remarkably steady with minimal volatility, showing
almost negligible fluctuations throughout the
observation period.

Sample 4

™

5

f

™

« History | Forecast -

The time series shows a relatively stable pattern
with minor fluctuations, suggesting a system in
equilibrium. However, there’s a sudden, small but
noticeable jump near the end, followed by a slight
decline. This could represent a scientific
experiment where a controlled variable was briefly
altered, such as a slight increase in temperature
or pressure, before the system began to settle
back towards its previous state.

Sample 1

« History | Forecast -

A scientific instrument measuring a precise
environmental factor experiences a gradual decline
in sensitivity. Initially stable, it shows a
slight downward trend, possibly due to wear or
contamination. Mid-series, there's a more
pronounced decrease, suggesting a calibration
issue or environmental disturbance. Towards the
end, the readings stabilize somewhat, indicating
potential self-correction or adaptation to new
conditions. This pattern could represent a
sensor's lifecycle in a controlled experiment or
long-term environmental monitoring project.

« History | Forecast -+

A scientific experiment measuring a stable
chemical reaction shows minimal fluctuations over
time. The slight initial decrease could indicate
the system reaching equilibrium, while subsequent
minor variations might result from subtle
environmental changes or measurement precision
limits. The overall stability suggests a well-
controlled experimental setup maintaining
consistent conditions throughout the observation
period.

Figure 28: Synthetic text for MTFinance dataset.

Sample 2

Sample 3

« History | Forecast -

This pattern could represent the gradual
stabilization of a chemical reaction in a
laboratory experiment. Initially, the reaction
proceeds slowly, causing a slight decrease in
concentration. As the system reaches equilibrium,
the rate of change diminishes, resulting in a
plateau. Minor fluctuations towards the end may
indicate small environmental disturbances or
measurement noise, but the overall stability
suggests the reaction has largely completed.

Sample 4

It

« History | Forecast -

The series shows an initial downward trend
followed by several cyclical fluctuations. It
exhibits multiple periods of stability
interspersed with sudden drops and recoveries. The
final segment demonstrates increased volatility
with a notable downward spike before stabilizing

at g loysrdavel.

« History | Forecast -+

The series exhibits a gradual upward trend with
notable fluctuations. It starts at a low point,
shows moderate volatility throughout, and

experiences several temporary dips followed by

recoveries. The overall pattern suggests cyclic
behavior around a slowly rising trend line.

Sample 2

« History | Forecast »

The series shows an overall declining trend with
periodic fluctuations. It experiences several
steep drops followed by partial recoveries,

creating a sawtooth pattern. The latter portion
stabilizes with less volatility, before showing a
notable upward movement near the end.

Sample 3

« History | Forecast -+

The series exhibits a cyclical pattern with
alternating upward and downward trends. It begins
near neutral, shows multiple peaks and troughs of
increasing amplitude over time, and ends with a
sustained upward movement to reach its highest
level, where it stabilizes.

Sample 4

%

2

« History | Forecast -

The series shows a cyclical pattern with three
distinct peaks. Starting at a moderate level, it
experiences periodic upward surges followed by
sharp declines. The overall volatility increases
in the middle section, with the final peak showing
less intensity than previous ones.

Sample 1

« History | Forecast -

The series shows a clear cyclical pattern with
three distinct waves. Each cycle begins with a
gradual decline followed by a sharp upward
recovery. The overall amplitude of the waves
increases over time, with the final cycle showing
the most dramatic swing before stabilizing at a

RipRY'2

« History | Forecast -

The series exhibits a cyclical pattern with three
distinct waves. Each cycle shows an initial
decline followed by a sharp upward trend. The
overall volatility remains consistent, with the
final wave reaching a plateau at the peak level.

Sample 3

« History | Forecast »

The series shows a repeating wave pattern with
three distinct cycles. Each cycle begins with a
gradual rise, reaches a peak, followed by a
decline. The peaks become progressively lower
across cycles, while maintaining similar wave
shapes and periods.

Sample 4

AW

g

%

« History | Forecast -

This pattern suggests a period of remarkably
stable weather conditions. It could represent a
stretch of days with consistent humidity levels
during a dry season, where atmospheric moisture
remains unchanged due to a persistent high-
pressure system. This stability might occur in a
desert region or during a prolonged drought, where
little to no precipitation or temperature
fluctuations occur for an extended time.

« History | Forecast -+

A sudden cold front moves in, causing temperatures
to drop steadily. The cooling intensifies rapidly,
possibly due to a storm system, Then, a brief warm

ell brings relief as the storm passes.
Temperatures stabilize briefly before another cold
snap hits, though less severe than the first. The
weather then settles into a cooler pattern with
minor fluctuations, suggesting a seasonal shift
towards colder conditions.

« History | Forecast »

A cold front moves through the area, causing
temperatures to gradually drop. The weather then
stabilizes for a brief period. As the front
passes, temperatures slowly rise, followed by a
sudden warm spell. However, this warmth is short-
lived as another cold front approaches, bringing
temperatures back down. The weather then settles
into a more stable pattern with slight warming,
before leveling off at a cool but steady
temperature for the remainder of the period.

Figure 29: Synthetic text for MTWeather dataset.
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« History | Forecast -+

A heatwave struck, causing temperatures to soar
rapidly. After peaking, conditions stabilized
briefly before a gradual cooling trend set in.

Suddenly, a cold front arrived, triggering a sharp

temperature drop. The weather then rebounded
quickly as warm air returned, followed by another
abrupt cooling period. Finally, temperatures
settled into a moderate, steady state as the
weather system stabilized.
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Solar power generation
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=+ Unimodal (MSE=0.446, MAE=0.398)
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Time step (15-min intervals)
Textual context provided to Chronos-MM:

This sequence records solar power generation at a site in Melbourne, Australia, with a collection granularity of 15 minutes. The target date for prediction is Saturday, January 29, 2022. It is a weekend
with heavy rain and moderate breeze. The minimum temperature is 18 degrees, and the maximum temperature is 22 degrees. The sun will rise at 5:30 and set at 19:36.

Figure 30: Case study from the MSPG dataset. The context states “it is a weekend with heavy rain and
moderate breeze”. Unimodal model (using Chronos as an example) overestimates peak generation based on
historical patterns alone, while multimodal Chronos incorporates the weather context and produces lower
predictions that align more closely with the ground truth.
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