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ABSTRACT

Time series forecasting plays an increasingly important role in real-world scenar-
ios, where future trajectories are shaped not only by historical patterns but also by
forthcoming events, whose subtle and complex influences pose significant fore-
casting challenges. Two key aspects emerge in this context. First, forecasting
must adapt dynamically under stochastic counterfactual conditions, raising fun-
damental difficulties in both conditional forecasting and evaluation. Second, the
conditions themselves are often complex, and accurately modeling their influence
remains non-trivial. Traditional methods typically rely solely on historical infor-
mation or address only factual future conditions, while neglecting counterfactual
scenarios. Moreover, most existing approaches are limited to simple structured
conditions, resulting in poor generalization to real-world complexities. To address
these gaps, we introduce the task of counterfactual time series forecasting with
textual conditions, which leverages unstructured text to enable flexible, condition-
aware forecasting. We propose a comprehensive evaluation framework capable
of assessing models under both observed data and counterfactual settings, even
in the absence of ground truth time series. Furthermore, we present a novel text-
attribution mechanism that separates mutable from immutable factors, leading to
more precise forecasts under sophisticated and stochastic textual conditions.

1 INTRODUCTION

Time series forecasting plays a critical role in many real-world domains, including energy (Lai et al.,
2018), climate (Jing et al., 2024b; 2021), healthcare (He et al., 2023; Chen et al., 2024; Jarrett et al.,
2023), and finance (Gao et al., 2024). Recent advances span from innovations in model architec-
tures (Zeng et al., 2023; Wu et al., 2021; Nie et al., 2022; Yuan & Qiao, 2024) to paradigm shifts
enabled by large-scale learning with increasingly powerful models (Ansari et al., 2024; Woo et al.,
2024). Nevertheless, despite larger model sizes and access to vast datasets, gains in forecasting per-
formance have begun to plateau (Xu et al., 2024). A fundamental limitation of existing approaches
is their exclusive reliance on historical observations, overlooking that information encoded in past
trajectories is inherently limited and thus insufficient to generate reliable forecasts in hypothetical
scenarios.

Time series do not evolve in isolation; they are shaped by exogenous conditions beyond their histori-
cal trajectories. Motivated by this, recent studies have incorporated multimodal information, such as
domain knowledge (Jin et al., 2023), contemporaneous news (Wang et al., 2024; Liu et al., 2024b),
or expert annotations (Liu et al., 2024a) to enrich forecasting. While these external signals provide
valuable supplementary context, they are still tied to historical states and thus cannot anticipate the
influence of future conditions. When future dynamics deviate significantly from historical patterns,
the forecasting of such models deteriorates. To mitigate this, Xu et al. (2024) proposes leveraging
deterministic future interventions for improved forecasting. However, the future is inherently uncer-
tain and can unfold differently under diverse conditions. Considering this uncertainty, Melnychuk
et al. (2022) and Mu et al. (2025) model forecasts under different treatments, but these treatments
are restricted to simple fixed event types, such as that 0/1 is used to indicate whether treatments
are applied, which limits the flexibility to represent the real-world complexities that cannot be well
formulated using categorical variables.
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There is a rainstorm around 
5:00 that damaged the road, 
and the repairs were completed 
around 9:00.

Traffic volume is often 
high in the morning 
and evening, low at 
noon and midnight.

Today is a normal 
Friday and the 
weather is sunny. 

1

Around 18:00, a concert was 
held at a stadium near the street.

Today is a normal Saturday 
and  the weather is sunny.

1

2

2

History time series

Future time series

Intrinsic features

External conditions

6h 12h 18h 6h 12h 18h

Factual time series

Counterfactual time series

Figure 1: Two paradigms of time series forecasting in
traffic volume with multimodal information are illustrated.
Texts in the solid-line box represent the intrinsic features of
the time series, whereas texts in the dashed-line box corre-
spond to external conditions controlling the series. 1 de-
notes forecasting based on factual conditions, including the
deterministic historical or future information. 2 denotes
forecasting under stochastic counterfactual conditions. An
ideal forecasting approach should both preserve the intrinsic
features of the historical data and align with the semantics
of the future text.

To move beyond these constraints,
we aim to answer a broader “what
if ” question: how might time se-
ries evolve dynamically under com-
plex and stochastic future condi-
tions? We formalize this as con-
ditioned counterfactual time series
forecasting, where future conditions
are expressed through unstructured
textual descriptions. Text provides
a more flexible medium to capture
subtle details beyond categorical at-
tributes (Gu et al., 2025) and aligns
more naturally with human commu-
nication, thereby reducing the bur-
den of manual categorical variable
design. As shown in Fig. 1, the evo-
lution of future traffic time series de-
pends jointly on historical data and
stochastic conditions. This formu-
lation introduces several key chal-
lenges. First, historical dynamics and
future conditions may exhibit distinct or even conflicting patterns, which can lead to imbalanced
forecasting that fails to account for their combined influence. Second, models trained solely on ob-
served real-world data often struggle to adapt to counterfactual conditions, resulting in homogenized
forecasts. Third, the lack of ground-truth data for counterfactual settings presents a fundamental ob-
stacle to evaluate forecasting quality.

To tackle these challenges, we further propose Text-Attributive time series Diffusion model
(TADIFF), a multimodal diffusion model built upon a novel text-attribution mechanism for text-
conditioned counterfactual time series forecasting. Specifically, since future trajectories are jointly
guided by future textual conditions and historical patterns, TADIFF first attributes historical se-
quences to intrinsic features that are independent of the historical texts and immutable to the future
conditions. These intrinsic features provide a stable foundation for integrating future textual condi-
tions, thereby enabling more accurate and condition-aware forecasting. To further improve gener-
alization, we introduce counterfactual data augmentation by synthesizing diverse training samples
from real observations. For evaluation, we design a novel semantic metric that measures the consis-
tency of forecasts with both the specified textual conditions and the historical time series, allowing
comprehensive assessment even in counterfactual settings.

Our main contributions are three-fold: (i) We introduce a novel task, counterfactual time series fore-
casting with textual conditions, that enables accurate, flexible and generalizable forecasting under
stochastic assumptions. (ii) We propose a comprehensive evaluation framework that combines deter-
ministic forecasting metrics and semantic alignment measures, allowing systematic benchmarking
in both real-data and counterfactual settings. (iii) We develop a text-attributive time series diffusion
model (TADIFF) that disentangles intrinsic historical patterns from textual context, along with a
training strategy that improves the model’s adaptability to diverse counterfactual conditions through
the constructed counterfactual data.

2 RELATED WORK

2.1 TIME SERIES FORECASTING AND MULTIMODAL AUGMENTATION

Time series forecasting is traditionally formulated as the task of predicting future values based on
historical observations. A large body of research has sought to improve this process by design-
ing model architectures that more effectively capture temporal patterns, spanning from linear mod-
els (Zeng et al., 2023) and convolutional neural networks (Wu et al., 2022) to transformer-based
architectures (Wu et al., 2021; Nie et al., 2022). More recently, foundation models (Ansari et al.,
2024; Woo et al., 2024) have been developed, aiming to learn universal time series representations

2



108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161

Under review as a conference paper at ICLR 2026

by leveraging massive datasets and scaling model capacity. Despite these advances, existing ap-
proaches remain constrained by their exclusive reliance on numerical historical sequences, largely
neglecting the crucial influence of external conditions.

To address this limitation, recent studies have increasingly explored incorporating multimodal ex-
ternal information into forecasting. Among various modalities, text has become the most prevalent,
appearing as domain knowledge (Jin et al., 2023), contemporaneous news (Liu et al., 2024b; Wang
et al., 2024), or expert annotations (Liu et al., 2024a), and serving as a complementary signal for
prediction. Other approaches transform time series into alternative modalities, such as frequen-
cies (Li et al., 2025) or images (Zhong et al., 2025), to enhance model expressiveness. Nonetheless,
these methods predominantly derive multimodal inputs from historical data, limiting their capacity
to address scenarios where future dynamics diverge substantially from past observations.

More recent works (Xu et al., 2024; Ashok et al., 2025) have begun to incorporate future interven-
tions into forecasting, and Williams et al. (2025) further introduces a benchmark for evaluating time
series forecasting conditioned on future events. Although both studies recognize the importance of
modeling future conditions, they fail to consider the counterfactual setting, in which interventions
and events are typically expressed through deterministic textual descriptions that cannot capture the
inherent uncertainty of the future. Consequently, forecasting models trained under these formula-
tions often exhibit limited robustness and face difficulties adapting to diverse counterfactual futures,
as empirically demonstrated in Sec. 4.2.

2.2 COUNTERFACTUAL MODELING

Because the real world is inherently uncertain, researchers are not satisfied with modeling only
observed events; instead, they aim to uncover the governing principles of how systems behave under
counterfactual conditions. Such conditions manifest differently across domains. In reasoning tasks,
prior work (Gendron et al., 2024) attempts counterfactual logical reasoning in natural language,
while Wu et al. (2024) studies how events evolve under different treatments regarding the same time
period. In generation and editing tasks, Rasal et al. (2025) generates non-existent images by altering
specific features, whereas Jing et al. (2024a) modifies attributes of a source time series to produce a
new target sequence. In forecasting, studies such as Melnychuk et al. (2022); Yan & Wang (2023)
attempt to forecast multiple plausible futures under alternative treatments.

The task we propose can be regarded as an application-oriented extension of counterfactual mod-
eling within the domain of time series forecasting. Most existing counterfactual forecasting ap-
proaches (Wu et al., 2024; Melnychuk et al., 2022; Mu et al., 2025) rely on structured attribute con-
ditions, where possible futures are represented as fixed categories. In contrast, our work leverages
unstructured textual conditions, enabling richer and more flexible conditional modeling with broader
applicability to real-world scenarios. Furthermore, prior evaluation practices are constrained to syn-
thetic datasets or limited to the observed conditions in real datasets, since counterfactual settings
lack ground-truth futures. To address this gap, we propose a novel evaluation metric that assesses
the consistency of forecasts with both historical sequences and counterfactual textual conditions,
while remaining robust to the absence of ground truth.

3 TADIFF: TEXT-ATTRIBUTIVE TIME SERIES DIFFUSION MODEL

3.1 COUNTERFACTUAL TIME SERIES FORECASTING

Given a sample of historical time series xh ∈ RLh with Lh time steps, corresponding historical con-
dition ch ∈ NW in text with W tokens, and M potential future conditions {c(1)f , · · · , c(M)

f } where

each condition c
(i)
f ∈ NW is text withW tokens describing the future Lf time steps. We aim to learn

a forecasting model G, predicting the corresponding future time series x̂
(i)
f = G(xh, ch, c

(i)
f ) ∈

RLf . Our target is to make the forecasting results x̂
(i)
f is close to the ground truth x

(i)
f , following

the constraint of the historical sequence xh and consistent with the future condition c
(i)
f .
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3.2 DIFFUSION MODEL

Time series forecasting is inherently uncertain. This uncertainty arises from two sources: (i) the
variability of future conditions, and (ii) the stochastic nature of time series evolution even under
given conditions. To better capture this uncertainty, we adopt a generative modeling approach as
the foundation of our forecasting framework. In particular, we employ diffusion models due to their
training stability and strong capacity for distributional modeling. Our forecasting model is built
upon denoising diffusion implicit models (Song et al., 2020). Below, we provide a brief overview of
the training and inference procedures of the diffusion model.

During training, noise is gradually added to the original data distribution q(x0)
1 via a Gaussian

Markov transition:

q(x1:T |x0) =

T∏
t=1

q(xt|xt−1),

q(xt|xt−1) = N (xt−1;
√
1− βtxt−1, βtI),

(1)

and produces the noisy sample xt at each diffusion step t ∈ [1, T ]. Here {βt}Tt=1 are the predeter-
mined variance schedule. xt can be expressed as xt =

√
αtx0 +

√
1− αtϵ, where ϵ ∼ N (0, I)

and αt :=
∏t

s=1(1 − βs). Then, a learnable noise estimation network ϵθ(xt, t, c) is trained by
estimating the noise added to xt given the condition c and diffusion step t. The objective function
is to minimize the noise estimation loss as:

min
θ
L(x0) = min

θ
Eϵ∼N (0,I),t∼U(1,T ) ∥ϵ− ϵθ (xt, t, c)∥22 , (2)

where x0 ∼ q(x0) is sampled from the real data distribution, xt is a noisy version of x0.

During the inference phase, given a condition c and noisy data x̂t, the denoising transitions ψt(·) to
get less noisy data x̂t−1 can be formulated as:

x̂t−1 = ψt(x̂t, c) =
√
αt−1x̂0 +

√
1− αt−1ϵθ(x̂t, c, t),

x̂0 =
1
√
αt

(x̂t −
√
1− αtϵθ(x̂t, c, t)).

(3)

This process can also be inverted to ψ−1
t (·), which inversely estimates x̂t+1 given x̂t and c:

x̂t+1 = ψ−1
t (x̂t, c) =

√
αt+1x̂0 +

√
1− αt+1ϵθ(x̂t, c, t). (4)

Discussion: Initial noise issue. Most diffusion models (Yuan & Qiao, 2024; Gu et al., 2025) use
Gaussian-distributed random noise x̂T ∼ N (0, I) as the initial state during inference. However, this
randomly sampled noise may not be optimal, as it may introduce properties that conflict with the
intrinsic features of clear data x0, thereby complicating the denoising process. To address this, we
propose a condition-aware forward process to attribute the intrinsic features of history, leading to
more accurate and controllable forecasting, which will be further discussed in Sec. 3.3.

3.3 TEXT-ATTRIBUTION MECHANISM

Under the setting of counterfactual forecasting, there may be pattern conflicts between future condi-
tions and historical sequences, such as the impact of extreme weather on traffic volume. This leads
to difficulty for the forecast results to balance their combined effects. We argue that forecasts should
first respect the intrinsic features of the historical sequence, which refer to the fundamental proper-
ties of the time series that remain unaffected by external conditions. This view is consistent with
Leibniz’s Principle of Continuity (Leibniz, 2012), which posits that natural changes occur gradu-
ally. Examples include the geographical determinants underlying climate series or the demographic
structure underlying traffic series. At the same time, forecasts must also faithfully capture the se-
mantics embedded in future conditions, such as the future weather impact on the traffic series. To
achieve balanced forecasting considering the combined effects of history and future, we propose a

1x and x0 are interchangeable in this paper.
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Future time series
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Figure 2: The framework of TADIFF, including the joint optimization of attribution and forecasting,
as well as the two-stage inference. TADIFF first attributes the intrinsic features xh,T of the historical
sequence xh,0 given the historical textual condition ch. Then, conditioned on the historical sequence
xh,0 and the future textual condition cf , TADIFF forecasts the future sequence x̂f,0 by leveraging
the intrinsic historical features x̂f,T = xh,T as initial noise state of diffusion.

text-attribution mechanism that attributes historical sequences prior to forecasting, aiming to decou-
ple the intrinsic features of the sequence from the external conditions. As shown in Fig. 2, the overall
process consists of a two-stage inference and a joint training with two optimization objectives.

Inference Stage 1: Attribution. We believe that the historical sequence xh,0 is the result produced
by the joint influence of the external condition ch and the intrinsic feature. The goal of attribution
is to find the intrinsic feature that remains independent of the external condition. In our work,
the attribution is achieved through a condition-aware diffusion forward process. We estimate the
condition-related noise and add it back to the clear historical time series gradually to eliminate the
information of the external condition ch. Finally, we get a noisy version of the historical sequence
xh,T , which can represent the intrinsic feature of the historical sequence xh,0:

xh,T = (ψ−1
T−1 ◦ · · · ◦ ψ

−1
0 )(xh,0, ch), (5)

where ◦ represents the function composition, ψ−1
t is the inverse transition defined in Eq. 4.

Inference Stage 2: Forecasting. As shown in the right half of Fig. 2, we take the intrinsic feature
of historical sequence xh,T as the initial state x̂f,T for diffusion denoising for forecasting:

x̂f,T = xh,T ,

x̂0 = xh,0 ⊕ x̂f,0 = (ψ1 ◦ · · · ◦ ψT )(xh,0 ⊕ x̂f,T , cf ),
(6)

where ⊕ is the concatenation operation along the time dimension, ψt is the denoising process of
diffusion model defined in Eq. 3. For each denoising step t, the first Lh time points of the output
from the previous step t + 1 are replaced with the clear historical sequence xh,0. We take the last
Lf time steps of output x̂0 as the forecasts.

Forecasting Optimization. We try to enhance the model forecasting given the historical sequence
xh,0 and future condition cf . As illustrated in the left half of Fig. 2, the input time series for the
diffusion noise estimator can be expressed as: xt = xh,0 ⊕

[√
αtxf,0 +

√
1− αtϵ

]
∈ RLh+Lf ,

which is the mixed sequence containing the clear history and noisy future sequence, t is the diffusion
step. The loss function can be written as:

LF (θ) = Eϵ∼N (0,I),t∼U(1,T ) ||m× [ϵθ(xt, cf , t)− ϵ]||22, (7)

where m ∈ {0}Lh ⊕ {1}Lf is the mask to make sure only the future components are supervised.

Attribution Optimization. The capability of attribution is optimized through better noise estima-
tion given the noisy historical sequence xh,t and its corresponding condition ch. The loss function
can be defined as the expectation of noise estimation error:

LA(θ) = Eϵ∼N (0,I),t∼U(1,T ) ||ϵθ(xh,t, ch, t)− ϵ||22, (8)

where xh,t =
√
αtxh,0 +

√
1− αtϵ is the noisy historical time series.
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Overall Learning Objective. The final loss function is the weighted sum of the two losses: L(θ) =
λF · LF (θ) + λA · LA(θ), where the forecasting and attribution share the same model parameters θ.

Compared with existing approaches (Su et al., 2025; Yuan & Qiao, 2024) that apply diffusion mod-
els directly to time series forecasting, the attribution extracts the intrinsic features from history
sequences. Building conditional forecasts on top of these attribution results leads to more accurate
predictions while mitigating pattern conflicts between the history sequences and future conditions.

3.4 EVALUATE FORECASTS WITHOUT GROUND TRUTH

Evaluating forecasts under counterfactual conditions is inherently challenging since the ground truth
of future sequences is absent. Conventional accuracy-based metrics (i.e., mean square error) are
only applicable in real-world scenarios, failing to assess counterfactual forecasting, underscoring
the need for novel evaluation. We believe the forecasts are shaped by two key factors: intrinsic
features of the historical sequences and control semantics of the future conditions. To evaluate the
influences of the two factors, we introduce semantic evaluation metric, DTTC (Disentangled Time
Series and Text Consistency), which consists of DTTC-I and DTTC-E, measuring the consistency of
forecasts with intrinsic historical features and external future conditions, respectively. This approach
builds on the observation that a time series embodies both intrinsic features and condition-dependent
characteristics, while the textual conditions play the role of external control.

The DTTC model contains two encoders: a disentangled time series encoder Ets and a text encoder
Etext. The time series encoderEts disentangles the time series into the intrinsic and external features,
which are applied to both the historical sequence Ih,Eh = Ets(xh) and future sequence If ,Ef =
Ets(xf ). The text encoder Etext embeds the textual conditions into the external features, which are
applied to both the historical condition Ẽh = Etext(ch) and future condition Ẽf = Etext(cf ). We
aim to align the intrinsic features between historical and future sequences, as well as the external
features between sequences and their corresponding texts. These alignments are realized through
contrastive learning (Radford et al., 2021). These feature embeddings are used to calculate the
DTTC-I and DTTC-E:

DTTC-I =
1

N

N∑
i=1

< Ih[i], If [i] >;DTTC-E =
1

N

N∑
i=1

< Ef [i], Ẽf [i] >, (9)

where < ·, · > denotes the inner product, N is the sample number. DTTC-I assesses the consistency
between forecasts and the intrinsic features of the historical sequence, while DTTC-E evaluates the
consistency between forecasts and the future conditions.

The training of the DTTC model follows a dataset-specific setting, meaning that the model is inde-
pendently trained on the training split of each dataset using contrastive learning. Additional training
details are provided in Appendix C. We further evaluate the DTTC model on the test split of each
dataset to demonstrate its ability in measuring the consistency between forecasts and historical pat-
terns, as well as between forecasts and future conditions. The evaluation results are reported in
Tab. 4, proving that the DTTC-I and DTTC-E are reliable metrics for counterfactual forecasting.

Compared with prior studies (Melnychuk et al., 2022; Mu et al., 2025), which rely solely on synthetic
data for counterfactual evaluation, our approach enables the assessment of counterfactual forecasting
on real-world datasets without ground-truth time series. Rather than focusing on the accuracy of
predicted values, we emphasize the semantic consistency of the forecasts. This provides a more
reasonable evaluation criterion, since predictions under diverse conditions are inherently uncertain.
Accordingly, our metrics prioritize the rationality of the forecasts over their exact numerical values.

3.5 ADAPT TO DIVERSE FUTURE CONDITIONS

Training solely on the factual data makes the models struggle to adapt to dynamic counterfactual
conditions, since each historical sequence corresponds to a unique and deterministic future condi-
tion in real-world datasets. To address this challenge, we propose a finetuning algorithm based on
constructed counterfactual future conditions, designed to enhance the model’s adaptability in fore-
casting under diverse conditions, even in the absence of counterfactual time series.

Dataset Construction. Our factual data consists of a quadruple of historical and future time series
and conditions: D = {(xh, ch,xf , cf )i}Ni=1, where N is the number of samples. We first con-
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struct a counterfactual dataset by randomly assigning alternative future conditions to each historical
sequence. Specifically, for each historical time series xh with its associated condition ch, we ran-
domly synthesize M candidate future conditions {c̃(1)f , · · · , c̃(M)

f } from the factual dataset by sam-

pling. Among them, we select the condition c̃
(k)
f that achieves the highest similarity score with ch:

k = argmax
k

< Etext(ch), Etext(c
(k)
f ) >. This ensures no significant conflict between the historical

pattern and the future condition. Finally, we get the counterfactual data D̃ = {(xh, ch,∅, c̃f )i}Ni=1,
where ∅ represents the future sequence is absent. To stabilize the training, we combine the factual
data D and the counterfactual data D̃ to construct the finetuning dataset.

Counterfactual Finetuning. Since we lack the ground truth of future time series xf for counter-
factual data, we sample a Gaussian noise x̂f,T ∼ N (0, I) as the initial state, and gradually denoise
it for diffusion training. For each denoising step t, we have noisy data x̂f,t to estimate the clear data
x̂f,0 through Eq. 3, and train the model to increase the DTTC scores with λI , λE as loss weight:

Ih,Eh = Ets(xh); Îf , Êf = Ets(x̂f,0); Ẽf = Etext(cf ),

LDTTC(θ) = −Et∼U(1,T )

(
λI · < Ih, Îf > +λE · < Êf , Ẽf >

)
.

(10)

By finetuning our model with counterfactual data, we enhance its ability to adapt to diverse fu-
ture conditions. In contrast to prior methods (Melnychuk et al., 2022), which rely on ground-truth
future sequences for training, our finetuning approach leverages semantic metrics to optimize the
model without access to such ground truth. Importantly, finetuning on counterfactual data does not
compromise forecasting performance on factual data, as demonstrated in Sec. 4.3.

4 EXPERIMENT

In this section, we describe the experimental setup and report results, structured around the follow-
ing research questions (RQs): RQ1: Can TADIFF preserve the intrinsic features of the historical se-
quence while simultaneously satisfying the specified future conditions? RQ2: Can TADIFF adapts
to diverse counterfactual conditions given the same historical sequence? RQ3: Does the DTTC
metric enable providing reasonable and intuitive evaluations? The code will be published upon the
acceptance of this paper.

4.1 EXPERIMENT SETUP

Datasets. We utilize two categories of datasets: (i) Synthetic dataset. This includes Synth with
human-constructed time series and textual descriptions, where each historical sequence is paired
with diverse counterfactual future conditions. Since the generation process of Synth dataset is fully
under our control, ground truth future time series are available even in a counterfactual setting.
(ii) Real-world dataset. This includes Weather (Xu et al., 2024), ETTm1 (Zhou et al., 2021),
Exchange (Lai et al., 2018), and Traffic (Leo, 2024), where we have the time series from real-
world and textual descriptions from expert annotations or external tools. We further construct the
counterfactual data through the method mentioned in Sec 3.5 for evaluation. More details of dataset
construction are provided in Appendix B.

Evaluation Metrics. We evaluate forecasts from two perspectives: (i) Numerical Accuracy. Mean
absolute error (MAE) and mean squared error (MSE) are adopted when the ground truth of future
sequences is available; (ii) Semantic Consistency. Disentangled time series text consistency (DTTC)
scores are adopted even when the ground truth is absent. As detailed in Sec. 3.4, DTTC-I measures
consistency of forecasts with historical intrinsic features, while DTTC-E measures consistency of
forecasts with external future controls. Details of the DTTC model are provided in Appendix C.

Baselines. We compare against both unimodal and multimodal models. Unimodal baselines include
deep learning models Dlinear (Zeng et al., 2023), PatchTST (Nie et al., 2022), and the foundation
model Sundial (Liu et al., 2025). Multimodal baselines include the conditional generation model
VerbalTS (Gu et al., 2025) with text input, the class-based counterfactual model CT (Melnychuk
et al., 2022) with sequence and attribute inputs, text-based models TimeMMD (Liu et al., 2024b),
TimeCMA (Liu et al., 2024a), and IATSF (Xu et al., 2024) with sequence and text inputs.
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Table 1: Averaged forecasting performance under factual conditions. The best results are in bold,
and the second-best results are underlined. Arrows ↑ (↓) indicate that higher (lower) is better.

Datasets Metric DLinear PatchTST Sundial VerbalTS TimeCMA TimeMMD CT IATSF TADIFF (ours)

Synth

↓ MAE 0.73±0.03 0.67±0.00 0.76±0.00 1.00±0.00 0.82±0.00 0.66±0.00 0.57±0.00 0.55±0.00 0.54±0.00

↓ MSE 0.87±0.06 0.73±0.01 1.01±0.00 1.53±0.01 1.09±0.00 0.67±0.00 0.34±0.00 0.48±0.01 0.51±0.00

↑ DTTC-I 13.75±0.18 14.65±0.06 13.73±0.01 12.42±0.03 13.64±0.01 14.30±0.02 13.43±0.04 13.08±0.01 15.37±0.03

↑ DTTC-E 64.68±0.20 67.06±0.05 64.25±0.04 74.30±0.28 64.26±0.05 68.87±0.21 67.68±0.21 63.32±0.02 78.40±0.13

ETTm1

↓ MAE 0.84±0.01 0.82±0.02 0.90±0.00 0.58±0.02 0.88±0.00 0.79±0.01 0.79±0.02 0.82±0.01 0.57±0.04

↓ MSE 1.52±0.01 1.55±0.05 1.90±0.00 0.87±0.05 1.61±0.01 1.37±0.03 1.29±0.05 1.42±0.02 0.76±0.10

↑ DTTC-I 8.99±0.39 9.97±0.12 9.96±0.00 8.16±0.04 8.34±0.09 9.74±0.19 8.44±0.09 7.92±0.04 10.01±0.03

↑ DTTC-E 86.33±5.97 109.60±1.63 96.98±0.14 141.14±1.55 74.17±1.01 108.14±0.76 88.22±1.47 80.65±0.95 146.91±1.78

Traffic

↓ MAE 0.52±0.00 0.42±0.02 0.40±0.00 0.80±0.00 0.93±0.00 0.41±0.01 0.45±0.01 0.91±0.00 0.35±0.01

↓ MSE 0.43±0.00 0.29±0.02 0.34±0.00 1.07±0.01 1.07±0.00 0.28±0.01 0.34±0.01 1.05±0.00 0.27±0.05

↑ DTTC-I 11.27±0.07 12.97±0.41 16.36±0.01 9.73±0.05 6.31±0.02 12.97±0.36 11.12±0.16 6.52±0.02 17.90±0.07

↑ DTTC-E 48.31±0.14 58.32±2.02 66.14±0.09 53.75±0.30 21.71±0.12 58.86±1.42 54.10±1.49 24.21±0.22 81.38±0.15

Exchange

↓ MAE 0.15±0.00 0.14±0.00 0.14±0.00 0.21±0.00 0.15±0.00 0.22±0.00 0.23±0.01 0.12±0.00 0.15±0.01

↓ MSE 0.04±0.00 0.04±0.00 0.04±0.00 0.10±0.00 0.04±0.00 0.08±0.00 0.10±0.01 0.04±0.00 0.04±0.00

↑ DTTC-I 16.62±0.02 16.78±0.17 17.04±0.02 15.62±0.03 16.62±0.02 16.03±0.03 15.71±0.02 16.33±0.03 17.37±0.04

↑ DTTC-E 204.90±0.17 208.68±0.67 206.49±0.31 212.13±0.12 204.64±0.10 184.25±1.58 199.23±1.38 209.12±0.33 216.03±3.11

Weather

↓ MAE 0.26±0.00 0.19±0.00 0.24±0.00 0.51±0.02 0.30±0.00 0.27±0.00 0.31±0.05 0.18±0.00 0.18±0.00

↓ MSE 0.15±0.00 0.11±0.00 0.14±0.00 0.46±0.03 0.19±0.00 0.13±0.00 0.17±0.04 0.09±0.00 0.11±0.00

↑ DTTC-I 26.79±0.00 26.83±0.02 26.83±0.01 24.85±0.06 26.84±0.00 26.41±0.02 26.24±0.32 26.54±0.00 26.65±0.04

↑ DTTC-E 29.60±0.02 30.25±0.04 29.44±0.01 31.23±0.02 29.45±0.01 29.25±0.08 29.98±0.27 29.81±0.00 31.55±0.15

Table 2: Averaged forecasting performance under counterfactual conditions. The best results are in
bold, and the second-best results are underlined. Arrows ↑ (↓) indicate that higher (lower) is better.

Datasets Metric DLinear PatchTST Sundial VerbalTS TimeCMA TimeMMD CT IATSF TADIFF (ours)

ETTm1 ↑ DTTC-I 8.96±0.40 10.51±0.11 9.94±0.00 8.62±0.04 9.47±0.61 10.14±0.06 8.43±0.10 7.93±0.04 10.59±0.02

↑ DTTC-E 96.45±4.89 113.02±1.39 107.14±0.02 140.95±1.57 103.42±7.89 113.65±0.49 93.24±2.09 87.71±0.62 148.72±1.21

Traffic ↑ DTTC-I 11.33±0.08 12.99±0.39 16.32±0.01 9.44±0.05 6.36±0.03 12.96±0.43 11.15±0.14 6.57±0.08 18.08±0.11

↑ DTTC-E 48.41±0.18 54.86±1.70 64.79±0.04 53.69±0.32 22.71±0.03 56.10±1.01 52.67±1.55 24.62±0.24 78.58±0.06

Exchange ↑ DTTC-I 16.61±0.02 16.79±0.17 17.03±0.01 15.29±0.06 16.79±0.08 16.25±0.17 15.67±0.04 16.31±0.05 17.30±0.04

↑ DTTC-E 200.45±0.04 201.30±1.08 200.57±0.13 211.37±0.61 201.84±0.39 196.16±2.10 194.49±0.85 199.65±0.26 213.94±2.18

Weather ↑ DTTC-I 26.79±0.01 26.83±0.02 26.83±0.00 24.43±0.05 26.84±0.00 26.75±0.11 26.25±0.29 26.53±0.01 26.93±0.04

↑ DTTC-E 29.04±0.03 29.25±0.05 28.91±0.01 30.16±0.05 29.00±0.01 29.30±0.18 29.23±0.18 29.18±0.01 30.99±0.14

4.2 MAIN RESULTS

We quantitatively evaluate the forecasting of TADIFF against baselines across all datasets, consider-
ing both factual and counterfactual settings. For the factual conditions (Tab. 1), where ground-truth
of the future sequences is available, we report MAE, MSE, DTTC-I, and DTTC-E. For the coun-
terfactual conditions (Tab. 2), where the ground-truth of the future time series is absent, we only
report DTTC-I and DTTC-E. All experiments are run three times with different random seeds, and
we report the mean and standard deviation of each metric. We further provide the implementation
settings, case study, model efficiency analysis, and other extended analysis in Appendix E.

Finding 1: TADIFF achieves superior numerical accuracy and semantic consistency on both syn-
thetic and real datasets. As shown in Tab. 1, TADIFF consistently outperforms baselines across
multiple datasets, delivering the best performance in both numerical accuracy and semantic con-
sistency on Synth, ETTm1, Traffic, and Exchange, and achieving the best MSE and DTTC-E on
Weather. Paired t-tests are conducted between TADIFF and the baselines with the second-best per-
formance. The resulting p-values are mostly below 0.05, providing evidence that the performance
improvements are statistically significant. This addresses RQ1 by demonstrating that TADIFF bet-
ter balances the influence of historical sequences and future conditions, leading to more accurate
forecasts that remain semantically consistent with both constraints.

Finding 2: TADIFF exhibits strong adaptability and generalization for forecasting under diverse
future conditions. We evaluated TADIFF on the test splits of the synthetic and real-world data in
the counterfactual setting, which include diverse and unseen condition combinations. The results of
synthetic data in Tab. 1 and real-world data in Tab. 2 show that TADIFF achieves consistently bet-
ter semantic consistency when forecasting under diverse counterfactual conditions. This addresses
RQ2, demonstrating that TADIFF possesses stronger generalization and adaptability when condi-
tioned on varying future scenarios.
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Table 3: The ablation study of CF and TA on ETTm1 and Traffic datasets. CF represents the
fine-tuning on the counterfactual data. TA represents the text-attribution mechanism.

Datasets ETTm1 Traffic

Setting Factual Counterfactual Factual Counterfactual

Metric ↓ MAE ↓ MSE ↑ DTTC-I ↑ DTTC-E ↑ DTTC-I ↑ DTTC-E ↓ MAE ↓ MSE ↑ DTTC-I ↑ DTTC-E ↑ DTTC-I ↑ DTTC-E

TADIFF 0.57±0.04 0.76±0.10 10.01±0.03 146.91±1.78 10.59±0.02 148.72±1.21 0.35±0.03 0.27±0.05 17.90±0.07 81.38±0.15 18.08±0.11 78.58±0.06

w/o CF 0.58±0.05 0.82±0.17 9.48±0.06 144.74±1.65 10.06±0.04 146.73±1.12 0.31±0.01 0.24±0.01 17.57±0.03 80.84±0.21 17.31±0.03 78.11±0.22

w/o TA 0.59±0.04 0.77±0.04 9.05±0.04 142.36±1.50 9.35±0.07 141.01±1.75 0.49±0.01 0.78±0.16 15.41±0.11 76.34±0.22 15.28±0.04 73.52±0.25

4.3 ABLATION STUDY AND EXTENDED ANALYSIS

Finding 3: Finetuning with counterfactual data preserves numerical accuracy while enhancing
semantic consistency. As shown in Tab. 3, we compare the forecasting performance before and after
fine-tuning on the counterfactual data. We observe that fine-tuning improves the model’s adaptability
to diverse future conditions and leads to higher semantic consistency (DTTC-I and DTTC-E) in both
factual and counterfactual forecasting. Although the fine-tuning process is primarily designed to
enhance semantic consistency metrics, the model consistently maintains strong numerical accuracy
(MAE and MSE). We also conduct paired t-tests to examine whether the differences are statistically
significant. These results further demonstrate that the semantic consistency metrics do not conflict
with the numerical accuracy metrics in time series forecasting.

Finding 4: Text-attribution substantially improves the consistency of forecasts with both historical
sequence and future conditions. As demonstrated in Tab. 3, we compare the forecasting performance
with and without text-attribution. The results show that text-attribution improves both semantic con-
sistency (DTTC-I and DTTC-E) and numerical accuracy (MAE and MSE), with particularly notable
gains in DTTC-I and DTTC-E under the counterfactual setting. This indicates that attribution effec-
tively balances the influence of historical patterns and future conditions, especially when there are
conflicts between them.
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Figure 3: The initial noise distribution between the
TADIFF (red) and TADIFF without text-attribution
(green) on Synth (left) and Exchange (right) datasets.

Finding 5: Text-attribution optimizes the
initial noise space of the diffusion model.
We compare the initial noise distribu-
tions of TADIFF with and without text-
attribution using t-SNE (Van der Maaten
& Hinton, 2008) visualization in Fig. 3.
The results show that the initial noise dis-
tribution with text-attribution forms more
compact clusters compared to the random
Gaussian distribution in the attribution-free setting. This indicates that text-attribution helps pre-
serve the intrinsic features of the historical sequence, thereby enabling a more effective conditional
denoising process and ultimately producing more accurate forecasts, as discussed in Sec. 3.2.
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Figure 4: Qualitative comparison of forecasting on
Synth dataset. Column 1: the forecasting of TADiff
without text-attribution; Column 2: the forecasting of
TADiff with text-attribution; Column 3: the future tex-
tual condition.

Finding 6: Text-attribution facilitates the
capture of intrinsic features in history,
thereby enhancing the incorporation of
future textual influences. As illustrated
in Fig. 4, we qualitatively compare fore-
casts generated with and without text-
attribution on the Synth dataset. The gen-
eration process of the Synth dataset guar-
antees that the historical and future time
series share the same trend type, as de-
tailed in Appendix B.2.2. The visualiza-
tions show that with text-attribution, TAD-
iff more effectively captures the invari-
ant trend type of historical sequence and
aligns more closely with the semantics of
future text, leading to more accurate and reasonable forecasts.
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Table 4: Evaluation of DTTC models on different
datasets. Given a future time series, DTTC-I reports
the accuracy of retrieving the most similar historical se-
quence from 3 candidates, while DTTC-E reports the
accuracy of retrieving the most similar future textual
condition from 3 candidates.

Dataset Synth ETTm1 Traffic Exchange Weather

DTTC-I 84.57% 55.06% 91.90% 84.60% 79.96%
DTTC-E 96.36% 95.93% 97.69% 98.44% 77.91%

Finding 7: DTTC model effectively cap-
tures the intrinsic features of time series
and the semantics of external conditions.
We evaluate DTTC using a retrieval-based
protocol, following contrastive learning
practices (Radford et al., 2021). The
DTTC model is trained on the training
split of factual data for each dataset and
evaluated on the corresponding test split.
Given a future time series x(1)

f , we use the
DTTC model to retrieve its paired histor-
ical sequence x

(1)
h from a candidate set containing two additional randomly sampled sequences

{x(1)
h ,x

(2)
h ,x

(3)
h }. Similarly, we retrieve the paired textual condition c

(1)
f from a candidate set

augmented with two random alternatives {c(1)f , c
(2)
f , c

(3)
f }. As shown in Tab. 4, both DTTC-I and

DTTC-E achieve high retrieval accuracy, demonstrating that DTTC effectively aligns the intrinsic
representations of historical and future series, as well as the semantics between future series and
external conditions. This provides strong evidence for the reliability of the proposed metrics and
addresses RQ3.
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Figure 5: Sensitivity study on loss weight ratio. In
the left figure, we study the impact of λF : λA in
joint training, where the dotted lines indicate the per-
formance of TADIFF without attribution. In the right
figure, we study the impact of λI : λE in counterfac-
tual finetuning, where the dotted lines indicate the per-
formance of TADIFF without finetuning.

Finding 8: Performance is robust to the
hyper-parameters. We investigate the ef-
fect of the loss weight ratio during train-
ing and counterfactual finetuning, and the
results are shown in Fig. 5. The influ-
ence of λF : λA remains stable in most
cases, and significant performance dif-
ferences are observed only when the ra-
tios take extreme values. In counterfac-
tual fine-tuning, a trade-off arises between
DTTC-I and DTTC-E, which is intuitive
and expected, since these two metrics are
directly linked to their corresponding op-
timization objectives during fine-tuning.
We adopt a balanced loss weight ratio to
achieve simultaneous improvements in both metrics compared with forecasting without finetuning.

5 CONCLUSION

In this work, we introduce the task of counterfactual time series forecasting with textual conditions,
which aims to answer how time series may evolve under complex and stochastic future conditions.
This task poses challenges in both modeling and evaluation. First, future conditions may conflict
with historical patterns, making it difficult to balance their influence. Second, models trained on
real data struggle to generalize to diverse conditions. To address these issues, we propose TAD-
IFF, a text-attributive diffusion model trained on real data and fine-tuned with counterfactual data.
For evaluation, where ground truth is unavailable for counterfactual forecasting, we design metrics
based on the DTTC model to assess consistency between forecasts, historical sequence, and future
conditions. Experiments demonstrate the effectiveness of our evaluation method and the accuracy
of TADIFF in counterfactual forecasting. While limitations remain, particularly in evaluating fore-
casts of varying lengths with model-based metrics, our work opens a new direction for modeling and
evaluating counterfactual forecasts under complex and stochastic conditions, with potential benefits
for real-world decision-making.
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6 REPRODUCIBILITY STATEMENT

In this section, we summarize the information provided in the paper that ensures reproducibility.
Specifically, we introduce TADIFF for counterfactual forecasting and describe the text-attribution
mechanism in Sec. 3.3. The architectural details of TADIFF are presented in Appendix D. For
the experiments, we detail the dataset construction in Appendix B, and the experimental configura-
tions and hyperparameter settings in Appendix E. For the proposed semantic metrics DTTC-I and
DTTC-E, the computational procedures are given in Sec. 3.4. For the DTTC model, which is com-
putationally dependent, we provide its architecture and training methods in Appendix C. Overall,
the paper offers comprehensive details covering method design, data construction, and evaluation,
thereby facilitating the reproducibility of our work. All codes and datasets will be released upon the
acceptance of this paper.

7 ETHICS STATEMENT

This research was conducted in accordance with the ICLR Code of Ethics. The study did not in-
volve human participants or animal subjects, and all datasets employed, including ETTm1, Traffic,
Exchange, Weather, are publicly accessible and were utilized in strict compliance with their re-
spective licensing agreements and data usage policies. The data contains no personally identifiable
information (PII), and our experimental design inherently mitigates privacy and security risks. Our
synthetic dataset, by its nature of algorithmic generation, is also inherently free of PII and privacy
concerns. We have taken measures to address potential societal biases throughout the research pro-
cess to ensure fairness and prevent discriminatory outcomes.
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A THE USE OF LARGE LANGUAGE MODELS

In this work, large language models (LLMs) are primarily employed in data construction scenar-
ios. As detailed in Appendix B.3.2, we apply LLMs to the Weather dataset to extract structured
attributes from unstructured textual descriptions, which are subsequently used as inputs to the base-
line method.

B DATASETS

Our experimental framework is built upon two primary categories of datasets: synthetic and real-
world. The real-world category is further subdivided into datasets that are originally unimodal
(time series only) and those that are multimodal (containing real-world captions). Each of these
types requires a distinct data processing pipeline.

For the unimodal real-world datasets (ETTm1, Traffic, Exchange), we adopt the augmenta-
tion paradigm introduced by VerbalTS (Gu et al., 2025). This involves a two-stage process: first, we
extract structured attributes from the raw time series data, then these attributes are used to generate
corresponding textual descriptions.

For the synthetic dataset (Synth), the attributes are not extracted but are algorithmically prede-
fined at the start of the generation process. In contrast, since the multimodal real-world dataset
(Weather) already contains naturally occurring time series-text pairs, our task is to extract struc-
tured attributes directly from the provided real-world captions. Finally, for the synthetic and multi-
modal real-world datasets, the textual descriptions are generated from their respective attributes by
populating predefined prompt templates.

The specific implementation details for each of these processes are provided in the corresponding
dataset sections that follow.

B.1 FORECASTING TASK FORMULATION

Based on these processed datasets, we formulate two distinct forecasting settings, Factual and
Counterfactual, to evaluate model performance under different types of conditions. The imple-
mentation of these settings varies depending on the nature of the dataset. We define two types of
forecasting settings as follows:

Factual Forecasting. This task is consistent across all dataset types and is represented by the tuple
(xh, ch,xf , cf ). The objective is to predict the actual future time series xf given the historical
context (xh, ch) and the corresponding true, observed future condition cf .

Counterfactual Forecasting. This task evaluates the model’s ability to forecast under a future
condition that deviates from the observed or expected trajectory. Its implementation differs between
real-world and synthetic data:

• For Synthetic Datasets, the task retains the tuple structure (xh, ch,xf , cf ). Because we
control the data generation process, we can still synthesize a corresponding ground-truth
future time series xf that matches this counterfactual condition.

• For Real-World Datasets, the task is represented by the tuple (xh, ch,∅, c̃f ). Here, c̃f is
a hypothetical future condition that did not actually occur. Consequently, a ground-truth
future time series for this scenario does not exist and is represented by the empty set (∅),
as the outcome is inherently unobserved.

B.2 SYNTHETIC DATASET

In this work, we utilize a dataset we term Synth. The generation process is attribute-driven, where
predefined attributes govern the synthesis of both time series and their textual descriptions.
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B.2.1 ATTRIBUTE FRAMEWORK FOR SYNTHETIC GENERATION

The generation of each synthetic time series is governed by six attributes. These attributes are ran-
domly sampled for each instance to control the series’ fundamental structure, localized events, and
stochastic properties, ensuring a diverse data distribution. These attributes are defined as follows:

• Trend Type: We define four distinct trend types to model different long-term behaviors:
linear, quadratic, exponential, and logistic. The base trend is generated from mathematical
formulas, with some types (e.g., logistic) being normalized to the range [−1, 1] for training
stability.

• Trend Direction: Each generated trend is assigned one of two directions: upward or down-
ward. This is implemented as a simple sign multiplier (+1 or −1) on the base trend com-
ponent.

• Seasonality Cycles: To introduce periodic patterns, each series is assigned a specific num-
ber of cycles, with the count selected from {0, 1, 2, 4}. This component is modeled as a
sinusoidal wave, xseason = a sin(2πt+ ϕ), where the amplitude a ∼ U(0.4, 0.6) and phase
ϕ ∼ U(0, 2π) are randomly sampled to ensure diversity.

• Local Shapelets: We introduce one of five predefined local shapelets: nothing, peak, sag,
double peaks, or platform. Each time series is divided into three equal segments (beginning,
middle, end). Within each segment, a shapelet is added with a specific probability.

• Noise: We inject additive Gaussian noise into each sample. The noise is sampled inde-
pendently for each time step from a zero-mean Gaussian distribution, xnoise ∼ N (0, σ2),
where the standard deviation σ is itself randomly sampled from a small range to ensure
variability in the noise level across the dataset.

• Bias: A constant bias is added to each time series to vary its global vertical offset. The bias
value is sampled from one of three predefined ranges (negative, zero, or positive), ensuring
variability in the series’ mean value across the dataset.

The six attributes are divided into intrinsic features and external conditions, where Trend Type,
Noise, and Bias belong to intrinsic features; Trend Direction, Seasonality Cycles, and Local
Shapelets belong to external conditions. The intrinsic features will remain unchanged between
the historical and future sequences, and only the external conditions will be described in the texts.

B.2.2 SYNTH DATASET

The Synth dataset is algorithmically generated by randomly sampling attributes for each instance,
ensuring high variability. The entire process yields 14,000 unique samples, which are then parti-
tioned into training (11,200 samples), validation (1,400), and test (1,400) sets using an 8:1:1 ratio.

Attribute Generation. Each time series sample is governed by the attributes proposed above that
define its structure. For each sample, we generate a related pair of historical and future segments. A
key constraint is that Trend Type, Noise, and Bias are shared between the history and the future, as
they represent the invariant intrinsic features of the time series. In contrast, the remaining attributes,
Trend Direction, Seasonality Cycles, and Local Shapelets, are external conditions that may vary
between the history and the future and are intended to be described through textual captions.

Caption Generation. A corresponding textual caption is generated for both the historical and fu-
ture segments using randomized prompt templates. This process ensures diversity while maintaining
semantic consistency with the attributes. A representative example of a generated caption pair is as
follows:

• History Caption: “The trend goes up. There is a sag at end. There is 1 season.”

• Future Caption: “There is a sag at end. The season cycle number is 0. The trend has a
down direction.”

This example illustrates a scenario where the trend direction reverses and the number of seasonal
cycles changes, providing a challenging test case for conditional forecasting.
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Table 5: Summary of global and local features extracted for data augmentation.
Feature Name Description

Global Features

Skewness The asymmetry of the distribution.
Kurtosis The sharpness of the distribution.
Linear Trend The overall trend direction and rate of change.
FFT Frequency The dominant periodicity in frequency domain.

Local Features Local Linear Trend The trend direction within each segment.
Number of Peaks The number of local maxima within each segment.

B.3 REAL-WORLD DATASETS

Real-world datasets consist of observational data from real-world processes. Depending on whether
the original dataset contains pre-existing text, we categorize them as unimodal or multimodal and
apply a distinct data preparation pipeline to each.

B.3.1 UNIMODAL DATASETS

Unimodal datasets in our study initially contain only time series data. To prepare them for multi-
modal inputs, we follow the augmentation paradigm introduced by VerbalTS (Gu et al., 2025). First,
we perform attribute extraction by applying the tsfresh library (Christ et al., 2018) to the raw
time series to derive a set of structured statistical features. These extracted features, which are cate-
gorized into global and local characteristics, are summarized in Tab. 5. Second, we perform caption
generation by using these attributes to populate predefined prompt templates, thereby creating a
synthetic textual description for each time series sample. The specific datasets processed with this
methodology are as follows.

ETTm1. The ETTm1 dataset (Zhou et al., 2021) contains 7 variables of electricity transformer
data sampled every 15 minutes. We partitioned the data and employed a sliding window (history 48,
stride 48, horizon 48) to generate 8,120 training, 1,008 validation, and 1,008 test samples.

Traffic. The Traffic dataset (Leo, 2024) contains 3 variables of traffic data from Istanbul. We
downsampled the original 1-minute data to an hourly frequency. The data was split and processed
with a sliding window (history 48, stride 4, horizon 48) to create 8,106 training, 951 validation, and
951 test samples.

Exchange. The Exchange dataset (Lai et al., 2018) consists of 8 daily exchange rates. We used
a sliding window (history 48, stride 12, horizon 48) to generate 3,984 training, 448 validation, and
448 test samples.

B.3.2 MULTIMODAL DATASET

Multimodal datasets are those that natively contain both time series data and textual descriptions.
Instead of generating text from features, we perform attribute extraction from the existing texts.
This allows us to generate a new, standardized textual description.

Weather. The Weather dataset (Xu et al., 2024) from the Max Planck Institute contains 3 atmo-
spheric variables sampled every 10 minutes. We used data from 2014-2022, splitting it into training,
validation, and test sets. A sliding window (history 36, stride 36, horizon 36) was used for sample
generation. The training, validation and test samples are 30,573, 4,377 and 4,341. The accompany-
ing textual descriptions were processed using the methodology mentioned before. Specifically, we
employed GPT-4 (Achiam et al., 2023) to parse each caption and identify values for a predefined set
of seven attributes:

• Season: spring, summer, fall, winter.

• Time of Day: early morning, morning, afternoon, evening.
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• Weather Condition: sunny, cloudy, rain, foggy, snowy.
• Temperature Trend: increase, decrease, steady.
• Wind Direction: S, N, W, E, SW, SE, NW, NE.
• Atmospheric Condition: low, average, high.
• Humidity Level: low, average, high.

An ”unknown” category was also included for cases where information was not present in the text.

C DTTC MODEL

As introduced in Sec. 3.4, the DTTC (Disentangled Time Series and Text Consistency) model is
designed to evaluate forecasts by measuring their consistency between both historical patterns and
future textual conditions. The DTTC model leverages contrastive learning to disentangle time series
representations into intrinsic features and external condition-dependent attributes. This section will
introduce the architecture and training of the DTTC model in detail.

Conceptually similar to the CLIP model (Radford et al., 2021), the DTTC framework is composed
of a dual-encoder architecture: a time series encoder Ets and a text encoder Etext, where the com-
plete parameters can be expressed as ϕ. During training, the model processes tuples of data, each
containing a historical sequence xh, its textual conditions ch, a corresponding future forecast xf ,
and the future textual conditions cf .

The time series encoder, which utilizes the PatchTST architecture (Nie et al., 2022), is trained to
disentangle an input time series x into two distinct representations: an intrinsic feature vector I and
an external feature vector E. It processes both the historical and future sequences:

• For historical sequence xh, the output is (Ih,Eh) = Ets(xh).
• For future forecast xf , the output is (If ,Ef ) = Ets(xf ).

Correspondingly, the text encoder is designed to map the textual conditions, c, into the same external
feature space, producing an embedding Ẽ. In order to handle long text inputs, we adopt the tokenizer
from the pre-trained Long-CLIP (Zhang et al., 2024) model. The parameters of the encoder itself,
however, are trained from scratch. This encoder also processes both historical and future conditions:

• For historical conditions ch, the output is Ẽh = Etext(ch).

• For future conditions cf , the output is Ẽf = Etext(cf ).

The training process is guided by two distinct contrastive learning objectives: an intrinsic consis-
tency loss and an external consistency loss.

The intrinsic consistency loss, LI , enforces that the intrinsic features of the historical sequence Ih
and the future forecast If remain aligned. This encourages the model to preserve the fundamental,
time-invariant dynamics of the series across the historical and future segments. The loss is defined
as:

LI(ϕ) = −
1

B

B∑
i=1

log
exp(< Ih[i], If [i] >)∑B
j=1 exp(< Ih[i], If [j] >)

, (11)

The second objective, the external consistency loss, LE , ensures that the external features extracted
from the time series align with the features from their corresponding textual conditions. This loss
comprising two terms that respectively align historical features (Eh and Ẽh) and future features (Ef

and Ẽf ):

LE(ϕ) = −
1

2B

B∑
i=1

(
log

exp(< Eh[i], Ẽh[i] >)∑B
j=1 exp(< Eh[i], Ẽh[j] >)

+ log
exp(< Ef [i], Ẽf [i] >)∑B
j=1 exp(< Ef [i], Ẽf [j] >)

)
,

(12)
where < ·, · > denotes the inner product and B is the batch size. By jointly optimizing these two
objectives, the model learns a representation space suitable for evaluating forecast consistency. The
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Figure 6: The model architecture of the DTTC Model.

Algorithm 1 Pseudocode for the DTTC Model Training

Input: A batch of training tuples (x(i)
h , c

(i)
h ,x

(i)
f , c

(i)
f )Bi=1, where x are time series and c are texts.

Output: Total loss Ltotal.

1: # Disentangle features using encoders
2: (Ih,Eh)← Ets(xh) ▷ Disentangled historical features.
3: (If ,Ef )← Ets(xf ) ▷ Disentangled future features.
4: Ẽh ← Etext(Ch) ▷ Historical text features.
5: Ẽf ← Etext(Cf ) ▷ Future text features.

6: # Compute pairwise similarity matrices
7: SI ← Sim(Ih, If ) ▷ SI ∈ RB×B , intrinsic similarity matrix.
8: SEh ← Sim(Eh, Ẽh) ▷ SEh ∈ RB×B , historical external similarity.
9: SEf ← Sim(Ef , Ẽf ) ▷ SEf ∈ RB×B , future external similarity.

10: # Compute intrinsic and external losses
11: Let Idiag ∈ RB×B be the identity matrix, serving as the ground-truth labels.
12: LI ← CrossEntropy(SI , Idiag) ▷ Intrinsic consistency loss.
13: LEh ← CrossEntropy(SEh, Idiag)
14: LEf ← CrossEntropy(SEf , Idiag)
15: LE ← (LEh + LEf )/2 ▷ External consistency loss.

16: # Compute total training loss
17: Ltotal ← LI + LE ▷ Total objective.
18: Return:Ltotal

pseudocode for the DTTC model is presented in Algorithm 1 and the detailed model architecture is
in Fig. 6.

D MODEL ARCHITECTURE

The architecture of the noise estimator of TADIFF, illustrated in Fig. 7, is inspired by the DiT
model (Peebles & Xie, 2023), and is adapted for the specific demands of time series forecasting
with multi-modal conditioning.
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Figure 7: The model architecture of the noise estimator in TADIFF.

First, the inputs are converted into embeddings. The historical time series xh,0 ∈ RLh and the noisy
attribution time series xf,t ∈ RLf are concatenated and passed through a patchify module, which
tokenizes these sequence into time series representation P ∈ RN×D, where N is the number of
patches. Meanwhile, the diffusion step t is also transformed into the time embedding etime ∈ RD,
and the textual conditions cf are processed by a text encoder to yield the text condition embedding
etext ∈ RD. The text encoder is composed of a pre-trained Long-CLIP tokenizer (Zhang et al., 2024)
and two training-from-scratch transformer layers. Then, they will be element-wisely added to get
the condition embedding ec ∈ RD.

The core of the estimator is a sequence of N identical conditional Transformer blocks, architec-
turally similar to DiT (Peebles & Xie, 2023). Within each block j, the text condition embedding
ec is integrated via an adaptive layer normalization (AdaLN) mechanism, a widely adopted tech-
nique in modern diffusion models. This process yields a refined representation for the next layer:
Hj = Blockj(Hj−1, ec).

Finally, after passing through all N blocks, the output of the final layer HN ∈ RN×D, is fed into an
output projection layer, which maps the patch features back into the original time series space. This
produces the final estimated noise for the future series, ϵ̂t ∈ RLf .

E IMPLEMENTATION SETTING AND MORE EXPERIMENT RESULTS

E.1 IMPLEMENTATION SETTING

We adopt dataset-specific configurations for each dataset, as shown in Tab. 6. Since Synth already
contains diverse conditions with ground truth future time series, only the training is applied. All
experiments are run on a single Nvidia A40 GPU with three random seeds.

E.2 MODEL EFFICIENCY ANALYSIS

Table 7: Model size and inference time compari-
son on Weather dataset.

Method TADIFF DiffusionTS Chronos TimeMMD

Model size (MB) 14 5.8 769 35

Inference time (ms) 340 1571 691 17

In this section, we present the efficiency
comparison of TADIFF with other baselines.
Specifically, we compared model size and aver-
age inference time per sample on the Weather
dataset using a single NVIDIA A40 GPU
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Table 6: The configuration of TADIFF on different datasets. Lh and Lf represent the history length
and forecasting horizon, respectively. λF : λA is the loss weight ratio of forecasting and attribution
during training. λI : λE is the loss weight ratio of intrinsic consistency and external consistency
during finetuning.

Type Configuration Synth ETTm1 Traffic Exchange Weather

Data (Lh, Lf ) (128, 128) (48, 48) (48, 48) (48, 48) (36, 36)

Training
Epoch 700 700 700 700 700

Batch size 1024 1024 1024 1024 1024
λF : λA 2 : 1 2 : 1 2 : 1 2 : 1 2 : 1

Finetuning
Epoch - 200 200 200 100

Batch size - 256 256 256 256
λI : λE - 5 : 1 20 : 1 10 : 3 1 : 1

(batch size = 1). As shown in the Tab. 7, al-
though our model incurs a higher inference cost
than non-diffusion models, it outperforms both foundation and diffusion baselines. Given its signif-
icant forecasting improvements, the increase in model size and the reduction in inference speed are
considered acceptable trade-offs.

E.3 SENSITIVITY STUDY ON CONSTRUCTED TEXT TEMPLATES

In this section, we provide a sensitivity study to prove that TADIFF is not overfitting to the text tem-
plates in the generated text mentioned in Appendix B.3.1 but successfully captures the meaningful
contents.

We manually classified the tokens appearing in the generated text into two categories: relevant and
irrelevant. Relevant tokens contain meaningful semantics related to the time series, while irrelevant
tokens mainly serve to maintain valid sentence structure. For example, in the sentence “The trend
direction is up.”, the tokens “trend”, “direction”, and “up” are relevant, whereas “The”, “is”, and
“.” are irrelevant. We independently masked relevant and irrelevant tokens at varying ratios and
analyzed the resulting performance degradation. We conducted the experiment on the factual data
of the ETTm1 and Exchange datasets, where both datasets use generated text.

As shown in Fig. 8, masking irrelevant tokens leads to significantly smaller performance drops com-
pared with masking relevant tokens. Notably, for MAE and MSE, masking 70% of the irrelevant to-
kens still yields performance comparable to masking only 10% of the relevant tokens. These results
demonstrate that TADiff indeed learns from the meaningful semantic information in the generated
text rather than overfitting to the constructed templates.

E.4 CASE STUDY

In this section, we provide several visualization results of TADIFF on Synth dataset, including both
the factual and counterfactual forecasting. The results are presented in Fig. 9, which demonstrates
that TADIFF considers both the constraint of the historical intrinsic feature and control of the future
condition. Furthermore, TADIFF demonstrates strong generalization capabilities to diverse future
conditions, providing accurate forecasts in both factual and counterfactual settings.
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Figure 8: The sensitivity study of masking different ratios of relevant or irrelevant tokens in the
generated text on ETTm1 and Exchange datasets. Mirr represents masking irrelevant tokens, Mrel
represents masking relevant tokens.
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Figure 9: The case study of time series forecasting on Synth dataset.
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