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Abstract

Multivariate time series forecasting (MTSF) seeks to model
temporal dynamics among variables to predict future
trends. Transformer-based models and large language mod-
els (LLMs) have shown promise due to their ability to cap-
ture long-range dependencies and patterns. However, current
methods often rely on rigid inductive biases, ignore inter-
variable interactions, or apply static fusion strategies that
limit adaptability across forecast horizons. These limitations
create bottlenecks in capturing nuanced, horizon-specific re-
lationships in time-series data. To solve this problem, we pro-
pose T3Time, a novel trimodal framework consisting of time,
spectral, and prompt branches, where the dedicated frequency
encoding branch captures the periodic structures along with a
gating mechanism that learns prioritization between temporal
and spectral features based on the prediction horizon. We also
proposed a mechanism which adaptively aggregates multiple
cross-modal alignment heads by dynamically weighting the
importance of each head based on the features. Extensive ex-
periments on benchmark datasets demonstrate that our model
consistently outperforms state-of-the-art baselines, achieving
an average reduction of 3.28% in MSE and 2.29% in MAE.
Furthermore, it shows strong generalization in few-shot learn-
ing settings: with 5% training data, we see a reduction in MSE
and MAE by 4.13% and 1.91%, respectively; and with 10%
data, by 3.62% and 1.98% on average. Code will be released
upon publication.

Introduction
Multivariate time-series forecasting (MTSF) lies at the
heart of modern decision-making, powering everything from
energy-load balancing (Liu et al. 2023a) and urban traf-
fic management (Liu et al. 2024c) to high-frequency trad-
ing (Xu et al. 2021) and weather forecasting (Schneider
and Dickinson 1974). While the objective appears straight-
forward—predicting future values based on past observa-
tions—the underlying challenge is profoundly complex. Ef-
fective models must simultaneously capture short-term tem-
poral fluctuations, long-range dependencies, and intricate
inter-variable dynamics, all while maintaining computa-
tional efficiency and robustness in data-sparse regimes.

Recent deep learning advances have led to the develop-
ment of numerous models for time series forecasting (Miao
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et al. 2024; Challu et al. 2023). However, early approaches
were constrained by limited parameters and poor represen-
tations (Liu et al. 2022a), hindering generalization. Fol-
lowing the development of transformer-based architectures
(Vaswani et al. 2017), frameworks like Informer (Zhou et al.
2021), Autoformer (Wu et al. 2021), and Fedformer (Zhou
et al. 2022) addressed the quadratic complexity of standard
self-attention and introduced seasonal decomposition.

Subsequent efforts have advanced in two complementary
directions for better representation learning in the subspace
of time-series. The first focuses on token restructuring, ex-
emplified by PatchTST (Nie et al. 2023), which segments
time series into sub-series patches and processes each chan-
nel independently. The second explores alternative represen-
tation spaces; for instance, Freeformer (Yue et al. 2025) op-
erates in the frequency domain, demonstrating that spectral
tokens can encode global periodic patterns more compactly
than conventional time-domain attention. However, single-
modality encoder architectures remain limited in their ca-
pacity to fully capture the intricate and multi-scale structure
of temporal dynamics.

To make contextual time-series representations even ro-
bust, pre-trained LLM based (Radford et al. 2018) prompt-
ing techniques have been utilized in some frameworks.
Prompts are either used to encapsulate the time-series in-
formation (Jia et al. 2024; Huang et al. 2024) or to provide
further context to the time series (Jin et al. 2023; Xue and
Salim 2023; Xue, Voutharoja, and Salim 2022). Although
time and prompt-based dual modal embeddings have ac-
complished promising performance, they have been plagued
with embedding overlapping issues (Chang et al. 2024; Jia
et al. 2024), which weakened representation integrity as seen
here by Fig. 1(a).

Recently, TimeCMA (Liu et al. 2025) has presented
cross-modal alignment to integrate temporal-language dual
modalities to represent embeddings as disentangled yet ro-
bust. Regardless, they miss out on aligning spectral modality
to further represent global periodicity. By and large, existing
MTSF frameworks exhibit three fundamental limitations.
First, existing models often adopt a modality-isolated archi-
tecture, emphasizing a single modality while disregarding
the other, which leads to fragmented representations. Sec-
ond, if they utilize multi-modalities, they suffer from lim-
ited alignment capacity that constrain the model’s ability to
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Figure 1: Comparison of bimodal vs. tri-modal frame-
work for time series forecasting. (a) Bimodal models use
static fusion of time and prompt features, lacking frequency
awareness and horizon adaptivity. (b) T3Time introduces
tri-modal encoding with horizon-aware gating and adap-
tive multi-head cross-modal alignment for robust, horizon-
sensitive representations.

capture rich, fine-grained interactions between multi modal-
ities. Third, these models exhibit horizon rigidity by apply-
ing static processing across forecast lengths, ultimately hin-
dering their ability to adapt modality emphasis based on the
temporal scope of the prediction.

To address these challenges, we propose T3Time - illus-
trated in Fig. 1(b), a tri-modal framework for MTSF that in-
tegrates temporal, spectral, and prompt-based semantic rep-
resentations. Each modality captures complementary struc-
tures in the data. To enable effective multimodal integration,
T3Time employs an adaptive multi-head cross-modal align-
ment module that dynamically weighs modality-specific em-
beddings based on their relevance to the forecasting task.
Additionally, a horizon-aware gating mechanism modulates
the influence of temporal and spectral features by predic-
tion horizon, while a channel-wise residual fusion preserves
variable-specific priors and enhances representational gran-
ularity. These components collectively enable T3Time to
learn horizon-aware, variable-sensitive representations for
robust generalization and improved forecasting. Our contri-
butions are summarized as follows:

• We propose T3Time, a novel tri-modal forecasting
framework that unifies temporal, spectral, and prompt-
based semantic representations via an adaptive multi-
head cross-modal alignment mechanism. This design en-
ables dynamic fusion of heterogeneous modalities for
more expressive and context-aware representation.

• We introduce horizon aware gating module and channel-
wise residual fusion mechanism to elevate temporal
adaptability and fine-grained feature representation.

• T3Time consistently outperforms state-of-the-art base-
lines and demonstrates strong generalization across
benchmark datasets.

Related Work
Forecasting in Time Domain. Time series forecasting has
witnessed significant advances driven by deep learning (Lai
et al. 2018; Franceschi, Dieuleveut, and Jaggi 2019; Jin
et al. 2022), with Transformer-based architectures (Wen
et al. 2022) emerging as powerful tools due to their capac-
ity to model long-range dependencies. Early transformer-
based methods (Zhou et al. 2021; Wu et al. 2021; Liu et al.

2022b) introduce various attention mechanisms to reduce
the quadratic complexity of standard self-attention and im-
prove the efficiency of forecasting. However, most of them
rely on fixed inductive biases (e.g., decomposition, sparse
priors) and can not adapt to varying forecasting horizons.
iTransformer (Liu et al. 2023b) models each time series as
an independent token, enabling flexible cross-variable atten-
tion. Regardless, its reliance on a single-stream encoder and
static fusion limits its ability to capture complex, modality-
specific dynamics in multivariate forecasting.

Forecasting in Frequency Domain. Frequency-domain
methods (Cao et al. 2020; Woo et al. 2022; Sun and Bon-
ing 2022; Yi et al. 2023; Chen et al. 2023) offer another
perspective by modeling temporal periodicity and long-term
structure. Autoformer (Wu et al. 2021) integrates series
decomposition with autocorrelation in the frequency do-
main, while FEDformer (Zhou et al. 2022) further enhances
this approach employing a mixture-of-expert structure and
Fourier-based attention. Although effective, these methods
typically employ fixed or global spectral representations,
lacking mechanisms for adapting frequency-domain impor-
tance based on forecast length or contextual features.

Cross-modal Alignment. Recent work has explored
adapting large language models (LLMs) (Lu et al. 2021) for
time series forecasting, either by replacing standard tokeniz-
ers with learned embeddings for time series inputs (Zhou
et al. 2023; Liu et al. 2024a) or by formatting time series
as textual prompts (Xue and Salim 2023; Jin et al. 2023;
Pan et al. 2024). Although these methods leverage the rep-
resentational power of LLMs, they often face modality mis-
matches. Moreover, fusion between language and numeri-
cal representations is typically static, limiting adaptability
across tasks. Several studies have proposed the transfer of
knowledge from pre-trained models using self-supervised
learning (Zhang et al. 2022; Deldari et al. 2022; Zhang
et al. 2024), multimodal reprogramming (Chen 2024), or
instruction-based fine-tuning (Yin et al. 2024). TimeCMA
(Liu et al. 2025) represents a recent effort in this direction,
introducing a cross-modal alignment to integrate time series
and prompt embeddings for multivariate forecasting. How-
ever, its use of a single head alignment mechanism can be
limiting, as it constrains the model’s ability to capture di-
verse and fine-grained interactions between semantic and
temporal signals. To this end, we introduce trimodal encod-
ings to better represent time series representations and en-
sure robust performance.

Methodology
Our three-stage framework, as illustrated in Figure 2 con-
tains Tri-Modal Encoding, Adaptive Multi-Head Cross-
Modal Alignment (CMA), and channel-wise residual con-
nection. Tri-Modal Encoding comprises three branches: the
frequency encoding branch, the time series encoding branch
and the LLM encoding branch, designed to extract three dif-
ferent representations from the input time series. We also
designed a representation-rich horizon-gating to fuse the
frequency and time encoder branches dynamically based
on the forecast horizon. Adaptive Multi-head CMA, in-
spired by (Vaswani et al. 2017), aligns the fused temporal-
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Figure 2: Overview of our framework. The model comprises tri-modal encoding (time, frequency, prompt), a horizon-aware
gating module for dynamic temporal-spectral fusion, adaptive multi-head cross-modal alignment with per-head importance
weighting, and a channel-wise residual connection for fine-grained representation mixing prior to decoding.

spectral features with the prompt embeddings using mul-
tiple instances of a Cross-Modal Attention module. Each
attention head independently computes cross-attention be-
tween the fused temporal-spectral embeddings and prompt
embeddings. Adaptive head fusion mechanism combines all
the attention heads based on their importance and gener-
ates an expressive aligned representation. Finally, Channel-
wise Residual Connection creates a fine-grained residual
fusion between original temporal-spectral embeddings and
aligned cross-modal representations, which are ultimately
passed through the decoder for forecasting.

Tri-Modal Encoding
Frequency Encoding Branch: To capture periodic and
frequency-aware patterns from the time series, we designed
a dedicated Frequency Encoding Branch, which transforms
raw temporal inputs into the frequency domain using the
real-valued fast Fourier transform and processes the result-
ing spectral features through a Transformer-based encoder.

Given the normalized input Xt ∈ RB×N×L, where B is
the batch size, N is the number of variables (or nodes), and
L is the sequence length, we apply the real-valued Fourier
transform along the temporal dimension to obtain complex-
valued spectra:

X̂t = Fr(Xt) ∈ CB×N×Lf , Lf =

⌊
L

2

⌋
+ 1 (1)

Only the magnitude spectrum, F, is retained as input to
the frequency encoder. Each frequency bin is treated as a
token. The tensor F is reshaped to (BN)×Lf and projected

to the embedding dimension C using a learnable projection
matrix Wf ∈ RC×1:

Zf = ϕ
(
F ·W⊤

f

)
∈ RBN×Lf×C (2)

where ϕ(·) denotes an element-wise ReLU nonlinearity.
To model dependencies across frequency components, the

projected frequency tokens are passed through a single-layer
Transformer encoder. Let, T denote the self-attention block
with pre-normalization. The encoded representation is given
by:

Z̃f = T (Zf ) ∈ RBN×Lf×C (3)

To aggregate the encoded spectral features, we compute
a learnable attention-weighted pooling over the frequency
bins to summarize the frequency information for each fea-
ture. Specifically, we first project the encoded frequency to-
kens Z̃f ∈ RBN×Lf×C through a two-layer perceptron con-
sisting of weights W1 ∈ RC×d and W2 ∈ Rd×1, with an
intermediate nonlinearity ϕ(·). The resulting scalar logits are
normalized via a softmax function across the frequency di-
mension Lf , yielding attention weights α ∈ RBN×Lf×1:

α =
exp

([
ϕ
(
Z̃fW1

)]
W2

)
∑Lf

j=1 exp

([
ϕ
(
Z̃fW1

)
W2

]
j

) ∈ RBN×Lf×1

(4)
The final pooled embedding is computed as a weighted
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sum:

Fpooled =

Lf∑
l=1

αl · Z̃f,:,l ∈ RBN×C (5)

Eventually, the pooled frequency features are reshaped
back to match the node dimension, F̃ ∈ RB×N×C . This
frequency-aware representation F̃ ∈ RB×N×C captures pe-
riodic patterns and serves as one of the three modality-
specific encodings for subsequent fusion.

Time Series Encoding Branch: To model temporal de-
pendencies and evolving patterns in raw time-domain sig-
nals, we construct a dedicated Time Series Encoding
Branch. This branch transforms normalized time series into
contextualized representations using a shared projection fol-
lowed by a Transformer-based encoder.

Given the normalized input Xt ∈ RB×N×L, we project
the temporal dimension into a latent embedding space of
dimension C using a shared learnable projection matrix
Wt ∈ RL×C :

Zt = XtWt ∈ RB×N×C (6)

This projection treats each node’s input sequence as a
single vector, linearly embedding the temporal axis into C
features per node. To model interactions and dependencies
across temporal patterns within each node, we apply a Trans-
former encoder with pre-normalization. Let Tt denote the
time-domain Transformer encoder:

Z̃t = Tt(Zt) ∈ RB×N×C (7)

Z̃t provides positionally-aware, temporally contextual-
ized embeddings for each node and serves as time modality-
specific representation in our tri-modal framework.

LLM Encoding Branch: To inject external priors and se-
mantic structure into the forecasting model, we introduce
a dedicated LLM Encoding Branch, which leverages a
pre-trained frozen GPT-2 (Radford et al. 2019) to encode
prompt-based descriptions of input time series segments.

Given the normalized input series Xt ∈ RB×N×L and
their associated temporal markers Mt ∈ RB×L×D (e.g.,
date, hour), we generate natural language prompts describ-
ing the sequence statistics. Each prompt is constructed for
every feature. Prompt generation strategy is further dis-
cussed in Appendix B-1.

Each prompt is tokenized using a GPT-2 tokenizer and
fed into a pre-trained GPT-2 model. Let L(·) denote the lan-
guage model. For a given tokenized prompt Pi,j associated
with the j-th node in the i-th sample, we obtain:

Ei,j = L(Pi,j) ∈ RT×dLLM (8)

where T is the number of tokens in the prompt and dLLM is
the embedding dimension of the language model (e.g., 768
for GPT-2). Since different prompts may produce variable-
length token sequences, we uniformly pad the output with
copies of the final token embedding to ensure consistent
shape across all samples and features.

After batching, we extract the final token embedding per
prompt as a compact summary:

ZLLM[i, j] = Ei,j [−1] ∈ RdLLM (9)
The final LLM-derived representation is a tensor ZLLM ∈

RB×N×dLLM , which is projected and passed through a Trans-
former encoder before being used in downstream cross-
modal fusion.

We introduce a Horizon-Aware Gating Module to adap-
tively balance contributions from different modalities based
on the forecast horizon. The core intuition is that short-
term forecasts may benefit more from time-localized repre-
sentations, whereas long-range forecasts can better leverage
global periodic patterns captured in the frequency domain.

Time encoding, Z̃t ∈ RB×N×C , is first pooled over the
feature dimension to obtain a global summary per sample.
We normalize the prediction length by a constant factor and
concatenate it with the pooled time encoding in order to pro-
vide the forecast length as a continuous conditioning signal,
gin ∈ RB×(C+1). The concatenated vector, gin, is processed
through a lightweight two-layer MLP followed by a sigmoid
nonlinearity to produce channel-wise gating weights:

g = σ
(
W4 · ϕ(W3 · g⊤

in )
)⊤ ∈ RB×C (10)

where W3 ∈ R(C+1)×d, W4 ∈ Rd×C , σ(·) denotes the
element-wise sigmoid nonlinearity.

The output of this module is a horizon-aware convex com-
bination of the frequency and time representations:

Zg = g ⊙ F̃+ (1− g)⊙ Z̃t ∈ RB×C×N (11)
where ⊙ denotes element-wise multiplication broadcast over
the feature dimension. This gating mechanism enables the
model to adaptively shift focus between temporally local-
ized and spectrally global features, as a function of both the
input content and the desired forecast horizon.

Adaptive Dynamic Head Cross-Modal Alignment
To integrate heterogeneous contextual representations from
the time-spectral and semantic domains, we follow the
cross-modal alignment strategy introduced in (Liu et al.
2025), wherein the time series encoder output is aligned with
the prompt encoder output through cross-attention. How-
ever, instead of relying on a single head cross-modal align-
ment as in the original approach, we extend this paradigm by
introducing adaptive dynamic head fusion, where multiple
CMA heads are independently learned and their outputs are
dynamically fused based on data-dependent gating scores.

Each CMA head h maps the fused representation from
the time and frequency branches, Zg ∈ RB×C×N , and
prompt embeddings, ZLLM ∈ RB×E×N , into a head-specific
aligned output H(h) ∈ RB×C×N via an independent cross-
attention mechanism with queries from Zg and keys/values
from ZLLM. Rather than aggregating these heads through
static averaging or fixed linear projections, head-wise out-
puts are aggregated via a feature-aware, head-adaptive fu-
sion to dynamically weight the importance of each head per
feature. Necessarily, the outputs are first concatenated along
the channel dimension and transposed to shape RB×N×HC :

U =
[
H(1); . . . ;H(H)

]⊤
∈ RB×N×HC (12)
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Each node’s fused embedding vector Ub,n ∈ RHC (for
batch index b and node index n) is passed through a two-
layer gating network to compute importance scores πb,n ∈
RH over the CMA heads:

eb,n = W6 ϕ
(
LN

(
W5U

⊤
b,n

))
∈ RH , (13)

π
(h)
b,n =

exp(e
(h)
b,n)∑H

j=1 exp(e
(j)
b,n)

,
H∑

h=1

π
(h)
b,n = 1 (14)

where W5 ∈ R128×HC and W6 ∈ RH×128 are learnable
matrices, ϕ(·) is a pointwise ReLU nonlinearity, and LN(·)
denotes layer normalization.

Let H(h)
b,:,n ∈ RC be the h-th head output for sample b and

node n. The gated fusion is obtained via a convex combi-
nation over the head dimension, weighted by the attention
scores π(h)

b,n :

Λb,:,n =
H∑

h=1

π
(h)
b,n ·H(h)

b,:,n ∈ RC (15)

yielding the final cross-modally aligned representation Λ ∈
RB×C×N across all B samples and N features.

Channel-wise Residual Connection
Before decoding, we apply a channel-wise residual fusion
to reconcile horizon-aware spectral-temporal features with
cross-modal alignment outputs, allowing each latent feature
to balance its dependence on intrinsic patterns and external
priors.

Here, Zg ∈ RB×C×N denotes the horizon-gated fu-
sion of time-domain and frequency-domain encodings, and
Λ ∈ RB×C×N denotes the output of the adaptive multi-head
cross-modal alignment. We learn a set of trainable channel-
wise residual coefficients γ ∈ RC that modulate the impor-
tance of the two streams during the fusion process.

The fused representation Θ ∈ RB×C×N is computed as
a convex combination along the channel axis:

Θb,c,n = γc ⊙Λb,c,n + (1− γc)⊙ Zg,b,c,n (16)

where ⊙ denotes element-wise multiplication, b, c, and n
index the batch, channel, and node dimensions respectively,
and γc ∈ [0, 1] is a learnable scalar specific to channel c.

This Θ ∈ RB×C×N formulation allows each latent
dimension to adaptively balance cross-modal information
against temporal and spectral evidence, enabling fine-
grained control over representational mixing. The fused
representation Θ is subsequently passed into the decoder
for final forecasting.

Decoder: Fused representation Θ ∈ RB×C×N , which
encapsulates spectro-temporal priors and semantically
grounded alignment, is transposed to match the input format
of the transformer decoder. The decoder module, composed
of D stacked multi-head cross-attention blocks with pre-
normalization, integrates global dependencies across nodes
and channels.

Let D(·) denote the Transformer decoder. The contextu-
alized output Zd ∈ RB×N×C is given by:

Zd = D
(
Θ⊤,Θ⊤

)
, Θ⊤ ∈ RB×N×C (17)

Following decoding, the representation Zd is linearly pro-
jected along the channel axis to produce the final forecast
sequence of length Lp:

Ŷ = Zd W
⊤
p + bp, Wp ∈ RLp×C , Ŷ ∈ RB×N×Lp

(18)
Forecast tensor Ŷ is transposed to match the original

input format Y ∈ RB×Lp×N , representing the final output.

Experiments
T3Time demonstrates consistent and superior performance
across a wide range of benchmarks, particularly excelling
in long-horizon forecasting and low-data regimes. To en-
sure fair comparison, we adhere strictly to the experimen-
tal protocol established by Liu et al. (2025) across all base-
line models unless explicitly stated otherwise. Our eval-
uation includes a comprehensive set of strong baselines:
prompt-based LLMs such as TimeCMA (Liu et al. 2025),
Time-LLM (Jin et al. 2023), and UniTime (Liu et al.
2024b); Transformer-based architectures including iTrans-
former (Liu et al. 2023b), OFA (GPT4TS) (Zhou et al.
2023), PatchTST (Nie et al. 2023), and Fedformer (Zhou
et al. 2022); the linear model DLinear (Zeng et al. 2023);
and the CNN-based framework TimesNet (Wu et al. 2022).
Details regarding device, datasets, and evaluation metrics
are provided in Appendix A.

Long-Term Forecasting
Setups. We evaluate T3Time on eight widely-used multi-
variate time series benchmarks: ETTh1, ETTh2, ETTm1,
ETTm2, ECL, Weather, ILI, and Exchange. Following the
standardized protocol from Liu et al. (2025), we set the in-
put sequence length to 96 and vary the forecasting horizon
across {96, 192, 336, 720}, except for ILI where we follow
the {24, 36, 48, 60} prediction steps. Mean squared error
(MSE) and mean average error (MAE) are used as evalu-
ation metrics for all our experiments.

Results. Table 1 summarizes the forecasting perfor-
mance across all datasets. On average, T3Time consistently
achieves state-of-the-art (SOTA) results in 14 out of 16 base-
lines. The model yields the lowest error across most hori-
zons, outperforming recent competitive approaches such as
TimeLLM, (Jin et al. 2023) and iTransformer, (Liu et al.
2023b) by 11.28% in MSE and 6.20% in MAE, and 8.86%
in MSE and 6.10% in MAE, respectively. When compared
to the strongest prompt-based model, TimeCMA, (Liu et al.
2025), T3Time reduces the MSE by up to 4.36% on average,
while demonstrating more stable MAE performance across
long horizons. Overall, T3Time achieves an average MSE
reduction of 3.28% and an MAE reduction of 2.29% com-
pared to the SOTA baselines. A comprehensive overview of
our full results is provided in Appendix C.
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Dataset Ours TimeCMA TimeLLM UniTime TimesNet DLinear iTransformer PatchTST OFA
MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

ETTm1 0.372 0.393 0.380 0.392 0.410 0.409 0.385 0.399 0.400 0.406 0.403 0.407 0.407 0.410 0.392 0.402 0.396 0.401

ETTm2 0.279 0.322 0.275 0.323 0.296 0.340 0.293 0.334 0.291 0.333 0.350 0.401 0.288 0.332 0.285 0.328 0.294 0.339

ETTh1 0.418 0.430 0.423 0.431 0.448 0.443 0.442 0.448 0.458 0.450 0.456 0.452 0.454 0.447 0.463 0.449 0.457 0.450

ETTh2 0.348 0.390 0.372 0.397 0.381 0.404 0.378 0.403 0.414 0.427 0.559 0.515 0.383 0.407 0.395 0.414 0.389 0.414

ECL 0.170 0.266 0.174 0.269 0.195 0.288 0.216 0.306 0.192 0.295 0.212 0.300 0.178 0.270 0.207 0.289 0.217 0.308

Weather 0.244 0.275 0.250 0.276 0.275 0.291 0.253 0.276 0.259 0.287 0.265 0.317 0.258 0.278 0.257 0.280 0.279 0.297

ILI 1.705 0.835 1.922 0.921 2.432 1.012 2.108 0.929 2.139 0.931 2.616 1.090 2.444 1.203 2.388 1.011 2.623 1.060

Exchange 0.353 0.401 0.395 0.429 0.372 0.416 0.364 0.404 0.416 0.443 0.354 0.414 0.360 0.403 0.390 0.429 0.519 0.500

1st Count 7 7 1 2 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Table 1: Multivariate forecasting results. All results are averaged from four different forecasting horizons: H ∈
{96, 192, 336, 720} for the input sequence length 96. Bold: the best, underline: the second best. Full results are in Appendix C.

Dataset Ours TimeCMA TimeLLM GPT4TS TimesNet DLinear PatchTST Fedformer
MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

ETTm1 0.376 0.398 0.387 0.410 0.404 0.427 0.464 0.441 0.677 0.537 0.411 0.429 0.501 0.466 0.722 0.605

ETTm2 0.266 0.327 0.312 0.358 0.277 0.323 0.293 0.335 0.320 0.353 0.316 0.368 0.296 0.343 0.463 0.488

ETTh1 0.449 0.454 0.480 0.479 0.556 0.522 0.590 0.525 0.869 0.628 0.691 0.600 0.633 0.542 0.639 0.561

ETTh2 0.357 0.388 0.398 0.433 0.370 0.394 0.397 0.421 0.479 0.465 0.605 0.538 0.415 0.431 0.466 0.475

Weather 0.226 0.268 0.229 0.272 0.234 0.273 0.238 0.275 0.279 0.301 0.241 0.283 0.242 0.279 0.284 0.324

1st Count 5 4 0 0 0 1 0 0 0 0 0 0 0 0 0 0

Table 2: Few-shot learning on 10% training data. All results are averaged from four different forecasting horizons: H ∈
{96, 192, 336, 720} for the input sequence length 512. Bold: the best, underline: the second best. Full results are in Appendix D.

Dataset Ours TimeCMA TimeLLM GPT4TS TimesNet DLinear PatchTST Fedformer
MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

ETTm1 0.384 0.405 0.396 0.416 0.425 0.434 0.472 0.450 0.717 0.561 0.400 0.417 0.526 0.476 0.730 0.592

ETTm2 0.267 0.330 0.329 0.367 0.274 0.323 0.308 0.346 0.344 0.372 0.399 0.426 0.314 0.352 0.381 0.404

ETTh1 0.442 0.451 0.472 0.470 0.627 0.543 0.681 0.560 0.925 0.647 0.750 0.611 0.694 0.569 0.658 0.562

ETTh2 0.357 0.403 0.395 0.430 0.382 0.418 0.400 0.433 0.439 0.448 0.694 0.577 0.827 0.615 0.463 0.454

Weather 0.226 0.269 0.231 0.273 0.260 0.309 0.263 0.301 0.298 0.318 0.263 0.308 0.269 0.303 0.309 0.353

1st Count 5 5 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Table 3: Few-shot learning on 5% training data. All results are averaged from four different forecasting horizons: H ∈
{96, 192, 336, 720} for the input sequence length 512. Bold: the best, underline: the second best. Full results are in Appendix D.

Few-Shot Forecasting
Setups. Over the years the foundation models have shown
exceptional performance in generalization tasks by few-shot
learning or zero-shot learning settings (Brown et al. 2020;
Achiam et al. 2023). To evaluate the generalization perfor-
mance of T3Time under few-shot conditions, we follow the
setups from Jin et al. (2023) for a fair comparison. Specif-
ically, we adopt a scenario where the training data consists
of 10% and 5% of the available time steps, with input se-
quence length set to 512. We evaluate T3Time on the same
benchmarks used in the long-term forecasting experiments.

Results. Tables 2 and 3 summarize the results for 10%
and 5% few-shot learning, respectively. In both settings,
T3Time outperforms almost all SOTA baselines. Specif-
ically, for the recent SOTA models such as TimeCMA,

TimeLLM, and GPT4TS (OFA) in the 10% few-shot task,
average MSE is reduced by 7.13%, 7.42%, and 13.44%,
respectively. T3Time reduces average MSE and MAE by
3.62% and 1.98% for 10% few-shot forecasting tasks in all
SOTA scores. Similar trend is visible in the 5% few-shot
forecasting task, as T3Time improves upon SOTA scores
by 4.13% and 1.91% w.r.t. MSE and MAE. When com-
pared with models like TimesNet, DLinear, and PatchTST,
T3Time consistently outperforms these approaches, surpass-
ing 30% in MSE reduction. Additionally, relative to recent
SOTA methods like TimeCMA, TimeLLM, and GPT4TS,
T3Time demonstrates an average MSE improvement ex-
ceeding 10%. A comprehensive overview of our full results
for few shot forecasting is provided in Appendix D.
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Design ETTm1 ETTm2 ETTh1 ETTh2 Weather ILI Exchange Rate 1st CountMSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

Our Model 0.372 0.393 0.279 0.322 0.418 0.430 0.348 0.390 0.244 0.275 1.705 0.835 0.353 0.401 14

w/o Frequency Module 0.381 0.394 0.279 0.324 0.433 0.433 0.364 0.398 0.250 0.280 1.786 0.884 0.374 0.410 1

w/o Multihead CMA 0.374 0.395 0.283 0.325 0.421 0.432 0.355 0.392 0.249 0.277 1.813 0.865 0.378 0.413 0

w/o Residual Connection 0.404 0.413 0.288 0.329 0.433 0.443 0.384 0.411 0.249 0.280 2.176 0.969 0.396 0.427 0

w/o Gating Mechanism 0.373 0.396 0.280 0.322 0.425 0.432 0.363 0.398 0.249 0.277 1.724 0.837 0.373 0.412 1

Table 4: Results of design choices related to the model. All results are averaged from four different forecasting horizons:
H ∈ {96, 192, 336, 720} for the input sequence length 96. Bold: the best. Full results are in Appendix E.

Design Variant
Setups. To evaluate the robustness and contribution of var-
ious design choices in T3Time, we experiment with sev-
eral ablations, including removing frequency features, multi-
head mechanisms, residual connections, and gating. Specifi-
cally, we evaluate the following design variants: (1) Without
Frequency, where frequency-domain features are excluded;
(2) Without Multi-Head, where the adaptive multi-head
cross-modal alignment is disabled; (3) Without Residual,
which eliminates the channel-wise residual fusion mecha-
nism; and (4) Without Gating, where the horizon-aware gat-
ing mechanism is omitted. We maintain the same setup as
the long-term forecasting.

Results. Table 4 presents the performance comparison
across different design variants. The full model achieves av-
erage SOTA performance in 14 out of 14 cases for both MSE
and MAE. Notably, removing frequency-domain features re-
sults in a 3.22% MSE and 1.85% MAE drop compared to the
full model. This emphasizes the crucial role of frequency-
domain information in capturing both temporal and spectral
patterns. However, the residual connection’s contribution is
the most significant as excluding it leads to the largest per-
formance drop, with an average MSE increase of 8.36% and
MAE of 5.25%. Excluding the gating mechanism and multi-
head CMA results in a more modest decline, with an average
MSE decrease of approximately 2%. Full results for the de-
sign variants are provided in Appendix E.

t-SNE Visualization
To better understand the effectiveness of the learned embed-
dings, we employ T-SNE visualization. Figure 3 presents
the T-SNE visualization of the embeddings across four key
modalities: time series embeddings, frequency embeddings,
prompt embeddings, and forecasted embeddings. Panel 3(a)
illustrates the time series embeddings, which demonstrate
clear clustering of the datasets. Separation between the
datasets indicates that the model is effectively capturing
their temporal characteristics. Panel 3(b) visualizes the fre-
quency embeddings, where we observe a distinct clustering
pattern. This suggests that the model captures meaningful
frequency-domain information, which is crucial for distin-
guishing underlying periodicities in the time series. Panel
3(c) shows the prompt embeddings, which exhibit a rela-
tively more dispersed structure compared to the time series
and frequency embeddings, reflecting the diverse nature of
the prompts. Finally, panel 3(d) displays the forecasted em-

Figure 3: The combined T-SNE visualization of time series,
frequency, prompt, and forecasted embeddings across six
datasets. A detailed breakdown of each modality and dataset
is provided in Appendix F.

beddings, where the clustering is similar to that of the time
series embeddings, suggesting that the model is learning rep-
resentations that align with both historical and forecasted
data. These visualizations illustrate T3Time’s ability to inte-
grate temporal, spectral, and prompt information in learning
robust multimodal representation.

Conclusion
In this work, we present T3Time, a novel framework for
multivariate time series forecasting which integrates three
distinct modalities—time series, frequency, and prompt em-
beddings. Along with the tri-modal encoding framework,
T3Time adapts the fusion of temporal-spectral features us-
ing a dynamic horizon-aware gating mechanism. The intro-
duction of adaptive multi-head cross-modal alignment en-
ables more flexible and contextual interaction between the
time-spectral and prompt representations, while the channel-
wise residual connection ensures efficient fusion of these
representations later in the framework. T3Time consistently
outperforms SOTA models, achieving notable reductions in
both MSE and MAE across numerous baselines. Addition-
ally, T3Time demonstrates strong generalization in few-shot
learning scenarios, with significant performance gains. Fu-
ture works can explore large-scale pertaining and better rep-
resentation methods to enrich modalities for stronger time
series forecasting.
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