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ABSTRACT

Recent diffusion-based multivariate time series imputation (MTSI) approaches
provide strong probabilistic modeling but rely on attention mechanisms for learn-
ing both temporal dynamics and cross-variable dependencies. This work in-
troduces CTD-MTSI, a conditional CNN–transformer diffusion architecture that
decouples temporal modeling and cross-variable interaction. Depthwise tempo-
ral convolutions explicitly capture local dynamics, while attention inter-variable
dependencies. Contextual information is injected through mask-aware embed-
dings and feature-wise modulation during denoising. Experiments on benchmark
datasets show that CTD-MTSI consistently outperforms the state-of-the-art diffu-
sion baseline CSDI in both reconstruction accuracy and uncertainty quantification.
These results highlight the effectiveness of structured convolutional inductive bias
within conditional diffusion models for time series imputation.

Track: Research

1 INTRODUCTION AND RELATED WORK

Multivariate time series (MTS) data appear in many real-world systems such as healthcare monitor-
ing, finance, traffic, and climate science (Yi et al., 2016; Tan et al., 2013; Nelwamondo et al., 2007;
Hudak et al., 2008; van Buuren & Groothuis-Oudshoorn, 2011). Each variable (or sensor) follows its
own temporal dynamics, while exhibiting inter-variable correlations. Modeling these temporal and
cross-variable dependencies is critical for forecasting, decision making and understanding system
dynamics. Multivariate time series imputation (MTSI) aims to recover missing values by exploiting
both temporal continuity and relationships among variables.

Early deep learning approaches for MTSI focused on deterministic point estimation. Recurrent
models propagate imputed values through bidirectional recurrent structures, capturing temporal dy-
namics (Che et al., 2016; Cao et al., 2018). Attention-based architectures further improved global
dependency modeling by leveraging self-attention and have rapidly gained dominance in time se-
ries tasks due to their scalability and strong long-range modeling capacity (Suo et al., 2020; Bansal
et al., 2021; Du et al., 2023). However, these methods produce single deterministic reconstructions,
which may underestimate uncertainty. To address uncertainty estimation, variational approaches in-
corporate probabilistic inference (Mulyadi et al., 2022). Gaussian process–based methods (Bonilla
et al., 2007; Fortuin et al., 2020) provide principled uncertainty modeling but scale poorly with
high-dimensional data. Although these methods improve uncertainty calibration, modeling highly
nonlinear dependencies remains challenging.

Diffusion models have recently become the state-of-the-art for probabilistic MTSI, as they formu-
late imputation as a reverse denoising process conditioned on observed entries. By learning the
conditional score function, these models generate multiple plausible imputations and achieve strong
performance. Architecturally, most of diffusion-based methods build upon a DiffWave-style resid-
ual backbone (Kong et al., 2021), adapted by introducing separate attention mechanisms applied
sequentially along temporal and feature dimensions within the same residual diffusion block. How-
ever, conditioning is typically implemented via token concatenation, requiring attention layers to
implicitly separate observed context from noisy targets. Also, noisy temporal representations may
be propagated across variables before sufficient local denoising occurs. Convolutional architectures
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have received comparatively less recognition than attention-based models in MTSI due to perceived
inferior modeling capability. Yet, convolution provides strong local inductive bias, motivating this
work, which investigates whether convolution can be more effectively integrated into probabilistic
imputation.

To this end, CTD-MTSI introduces a conditional CNN–transformer diffusion architecture for prob-
abilistic MTSI. Contextual information (observed entries) is injected directly into intermediate rep-
resentations via mask-aware patch embeddings and a feature-wise linear modulation mechanism. A
hierarchical backbone combines depthwise temporal convolutions with variable attention, provid-
ing multi-scale temporal modeling. Such structural decoupling simplifies optimization compared to
jointly modeling temporal and cross-variable dependencies within the same attention-based residual
block.

2 METHODOLOGY

We consider the problem of probabilistic multivariate time series imputation. Let X0 ∈ RV×L de-
note a multivariate time series with V variables observed over L time steps. Due to missing entries,
the full signal is only partially observed. We define a binary observation mask M ∈ {0, 1}V×L,
where Mv,ℓ = 1 indicates that the value Xv,ℓ is observed and Mv,ℓ = 0 otherwise. The partially
observed data is then given by the element-wise product Xob

0 = M⊙X, where⊙ denotes Hadamard
(element-wise) multiplication.

2.1 CONDITIONAL DENOISING DIFFUSION PROBABILISTIC MODEL

To perform probabilistic imputation, we model the conditional distribution p(Xmi
0 | Xob

0 ,M), using
a conditional denoising diffusion probabilistic model (Ho et al., 2020), which allows to generate
multiple plausible imputations and quantify uncertainty. The diffusion process is applied only to the
missing part, while Xob

0 remains fixed and serves as contextual information throughout the reverse
process.

Forward process. We define a Markov chain that gradually transforms the missing values into
Gaussian noise:

q(Xmi
t | Xmi

t−1) = N
(
Xmi

t ;
√
αtX

mi
t−1, (1− αt)I

)
, (1)

where t is the noise level, {αt}Tt=1 is a predefined variance schedule and ᾱt :=
∏t

s=1 αs. Then
Xmi

t can be expressed as Xmi
t =

√
ᾱtX

mi
0 +

√
1− ᾱt ϵ, where ϵ ∼ N (0, I). Thus, at an arbitrary

timestep t, the noisy missing variables Xmi
t can be obtained directly from the clean Xmi

0 by injecting
Gaussian noise.

Conditional reverse process. The generative model is defined as a reverse-time Markov chain
conditioned on the observed context,

pθ(X
mi
0:T | Xob

0 ,M) = p(Xmi
T )

T∏
t=1

pθ
(
Xmi

t−1 | Xmi
t ,Xob

0 ,M
)
, Xmi

T ∼ N (0, I), (2)

where Xmi
T is initialized as pure Gaussian noise and progressively refined toward a plausible impu-

tation. Each reverse transition is modeled as a Gaussian distribution, defined as

pθ
(
Xmi

t−1 | Xmi
t ,Xob

0 ,M
)
= N

(
Xmi

t−1;µθ(X
mi
t , t | Xob

0 ,M), σ2
t I
)
. (3)

Following the standard DDPM parameterization, the mean is expressed through a conditional noise
predictor ϵθ(Xmi

t , t | Xob
0 ,M), which corresponds to predicting and removing the injected noise at

each diffusion step. The model is trained using the standard denoising objective. At inference time,
we iteratively sample from t = T down to t = 0, obtaining multiple plausible imputations Xmi

0 that
are consistent with Xob

0 and respect the observed mask. Full derivations and sampling details are
provided in Appendix A.2.4.

2.2 NOISE PREDICTOR ARCHITECTURE

We parameterize the conditional noise predictor ϵθ(X
mi
t , t | Xob

0 ,M) using a CNN-transformer
backbone. The design combines (i) convolutional patch embeddings and depthwise temporal mixing

2
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with (ii) multi-head attention blocks to capture cross-variable dependencies. A schematic overview
of the full backbone is provided in Appendix A.4.

Patch and mask-aware embedding. Both the observed context and the noisy missing target are
mapped into a shared latent feature space using a convolutional patch stem. The stem consists of
a 1D convolution applied along the temporal dimension with kernel size p (patch size) and stride s
(patch stride). This operation aggregates short temporal windows into latent tokens while reducing
the effective sequence length. To make the embedding mask-aware, the binary mask is concatenated
as an additional input channel, allowing the network to distinguish observed from missing values.
Let E(·) denote the stem embedding function. The embedded representations are computed as Zob =

E(Xob
0 ,M) and Zmi

t = E(Xmi
t ,1−M), where Zob,Zmi

t ∈ RB×V×H×T ′
, B denotes the batch size,

V the number of variables, H the number of latent feature channels (embedding dimension), and
T ′ = ⌊(L− p)/s⌋+ 1 the patchified temporal length.

Fuse conditioning (FiLM). To inject the observed context, a feature-wise linear modulation (FiLM)
mechanism (Perez et al., 2018) is applied at the stem resolution. Per-variable and per-timestep modu-
lation parameters are predicted from the context embedding Zob, while a separate modulation term is
derived from a timestep embedding of the diffusion step t. Specifically, (γc,βc) = PWConv(Zob)
and (γt,βt) = MLP(Emb(t)), which are combined as γ = γc + γt and β = βc + βt. The fused
representation is then obtained as

Zt = (1 + γ)⊙ Zmi
t + β. (4)

Here, PWConv denotes a 1× 1 convolution applied per variable without pooling, and (γt,βt) are
broadcast across variables and time. This modulation preserves the backbone feature structure while
conditioning the denoiser without directly concatenating noisy and observed channels at the stem.

Hierarchical CNN–transformer modules. The fused representation Zt is processed by a hierarchy
of backbone levels, each composed of multiple CNN–transformer blocks operating at a fixed tempo-
ral resolution. Between levels, temporal downsampling is performed using a strided 1D convolution,
progressively enlarging the effective receptive field and enabling multi-scale temporal modeling.

Within each CNN–transformer block, (i) variable attention and (ii) a Conv-FFN for local refinement
are alternated sequentially. Variable attention captures cross-variable dependencies, while temporal
context is encoded using depthwise temporal convolutions inside the Q/K/V projections, following
modern convolutional designs for efficient long-sequence modeling (Donghao & Xue, 2024; Park
et al., 2026). For an intermediate representation H ∈ RB×V×H×T ′

, multi-head variable attention is
computed as

Attn(H) = Proj

(
Softmax

(
QK⊤
√
T ′

)
V

)
, Q,K,V ∈ RB×H×V×T ′

, (5)

where Q,K,V are produced via shared depthwise temporal Conv1D mixers and Proj denotes a
Conv 1 × 1 projection. Each block is further conditioned on the diffusion timestep through a sinu-
soidal timestep embedding followed by an MLP, which generates adaptive normalization (Peebles
& Xie, 2023) scale and gating parameters that modulate the residual updates.

Prediction head. Finally, the latent features from the last backbone level are mapped to the noise
prediction through a reconstruction head. A pixel-shuffle style temporal upsampling is first applied
to restore the original temporal resolution, followed by a linear projection to the output channel
corresponding to the predicted noise. Consistent with the backbone blocks, the prediction head is
also conditioned on the diffusion timestep via adaptive layer normalization (AdaLN), whose scale
and shift parameters are generated from the timestep embedding.

3 EXPERIMENTS

3.1 SETUP

The proposed method is evaluated on two commonly used multivariate time series benchmark
datasets: ETTh1 and ETTh2 (Zhou et al., 2021). As a baseline, we compare against the state-
of-the-art diffusion-based imputation model CSDI (Tashiro et al., 2021). Training follows a self-
supervised masking scheme where 30% of observed entries are randomly masked and treated as

3
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targets for reconstruction. To ensure a fair comparison, CSDI is trained under the same settings, in-
cluding identical data splits and random seeds. Performance is measured using mean absolute error
(MAE), root mean squared error (RMSE), and continuous ranked probability score (CRPS). Further
implementation details are provided in Appendix A.

3.2 RESULTS

Table 1 reports imputation performance under varying point wise missing ratios. Across both
datasets, CTD-MTSI consistently matches or improves upon CSDI in all metrics under most miss-
ingness levels. Improvements are particularly consistent in the moderate regime, where temporal
continuity alone becomes insufficient and cross-variable structure has stronger influence.

Table 1: Imputation performance under point missingness. Best results are marked in red.

Dataset Missing
CTD-MTSI (Ours) CSDI

MAE ↓ RMSE ↓ CRPS ↓ MAE ↓ RMSE ↓ CRPS ↓

ETTh1

0.1 0.2310 0.3614 0.0361 0.2383 0.3996 0.0373
0.3 0.3079 0.6205 0.0473 0.3211 0.6347 0.0495
0.5 0.4292 0.9079 0.0665 0.4499 0.9496 0.0694
0.7 0.6974 1.5555 0.1092 0.6712 1.4393 0.1037

ETTh2

0.1 0.3184 0.5465 0.0139 0.3239 0.5749 0.0142
0.3 0.4166 0.7183 0.0183 0.4248 0.7340 0.0187
0.5 0.5577 0.9429 0.0246 0.5844 0.9904 0.0258
0.7 0.8882 1.4597 0.0394 0.8977 1.5010 0.0396

While both methods rely on conditional diffusion, CTD-MTSI exhibits greater performance and
robustness. The consistent gains under moderate missingness (30%–50%) regimes suggest that its
decoupled temporal–variable modeling provides more stable information propagation during denois-
ing. CRPS improvements further indicate improved probabilistic calibration. Lower CRPS values
suggest that CTD-MTSI not only reduces reconstruction error but also produces closer predictive
distributions.

Figure 1 provides a qualitative visualization under 70% missingness on ETTh2. The predicted me-
dian closely tracks ground truth trajectories, while the uncertainty bands widen appropriately in
highly ambiguous regions. This behavior supports the quantitative findings and illustrates stable
uncertainty estimation even under severe sparsity.

Figure 1: Visualization of probabilistic imputations results on ETTh2 with 70% random missing-
ness. Median and 95% CIs shown in green; observed points in red; targets in blue.

4 CONCLUSION

This work introduces CTD-MTSI, a conditional CNN–transformer diffusion architecture for prob-
abilistic multivariate time series imputation. By structurally decoupling temporal modeling from
cross-variable interaction, the proposed design provides stable denoising behavior under varying
levels of sparsity. Experimental results demonstrate competitive and often superior performance
compared to the state-of-the-art diffusion-based baseline. These findings suggest that convolution,
when carefully integrated within diffusion models, remains highly effective for time series imputa-
tion.
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A IMPLEMENTATION DETAILS

A.1 DATASET DETAILS

A.1.1 DATASET DESCRIPTION

Experiments are conducted on two multivariate time series datasets from the Electricity Transformer
Temperature (ETT) benchmark (Zhou et al., 2021). The ETT datasets (ETTh1 and ETTh2) contain
electricity transformer measurements recorded at an hourly frequency. Each dataset consists of 7
correlated variables representing oil temperature and load-related features. Table 2 summarizes the
main statistics of the datasets.

Table 2: Dataset descriptions.

Dataset Variables (V ) Train Valid Test Frequency

ETTh1, ETTh2 7 8,545 2,785 2,785 Hourly

A.2 EXPERIMENT DETAILS

A.2.1 MODEL CONFIGURATION

All experiments use a fixed input sequence length of 96. A one-dimensional convolutional embed-
ding layer with kernel size 2 and stride 1 projects the input into a 128-dimensional channel space.
The architecture consists of four CNN-transformer blocks organized into two hierarchical stages.
The first stage contains two blocks using dual-scale depthwise convolutions with kernel sizes 71
and 5, followed by a downsampling layer with kernel size 2 and stride 2. The second stage con-
tains two additional CNN-transformer blocks operating on the downsampled representation, with
kernel sizes 31 and 5. This hierarchical design enables multi-scale temporal modeling, capturing
both long-range and short-range dependencies. The feed-forward expansion ratio is set to 1.0. The
configuration remains identical across both datasets.
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A.2.2 EXPERIMENTAL DESIGN

All experiments are conducted using three random seeds: 2025, 2026, and 2027. Training is per-
formed on a NVIDIA RTX 6000 GPU. To evaluate generalization under different observability lev-
els, masks are simulated following random point wise missingness. During training, a fixed masking
ratio of 30% is applied using point wise random masking. The trained model is then evaluated under
different test masking ratios (0.1, 0.3, 0.5, 0.7). This setup evaluates whether a model trained under
a single missing ratio can generalize to different levels of observability without retraining.

A.2.3 EVALUATION METRICS

Let V denote the number of variables and L the sequence length. Let M denote the set of artifi-
cially masked positions used for evaluation. Ground-truth values are denoted by yv,ℓ and imputed
values by x̂v,ℓ, where v ∈ {1, . . . , V } and ℓ ∈ {1, . . . , L}. Mean absolute error (MAE), root mean
squared error (RMSE), and continuous ranked probability score (CRPS) are employed. All metrics
are computed only on artificially masked positions to ensure consistent and fair evaluation across
models.

MAE The mean absolute error is defined as

MAE =
1

|M|
∑

(v,ℓ)∈M

|x̂v,ℓ − yv,ℓ| . (6)

MAE measures the average magnitude of the imputation error. Each deviation contributes linearly
to the final score, making MAE directly interpretable as the typical reconstruction error.

RMSE The root mean squared error is defined as

RMSE =

√√√√ 1

|M|
∑

(v,ℓ)∈M

(x̂v,ℓ − yv,ℓ)
2
. (7)

RMSE computes the square root of the average squared error. By squaring deviations before aver-
aging, larger errors are penalized more heavily. As a result, RMSE is more sensitive to outliers.

CRPS For probabilistic predictions with cumulative distribution function Fv,ℓ and ground truth
yv,ℓ, CRPS is defined as

CRPS =
1

|M|
∑

(v,ℓ)∈M

∫ ∞

−∞
(Fv,ℓ(z)− I(z ≥ yv,ℓ))

2
dz. (8)

CRPS evaluates the entire predictive distribution rather than a single point estimate. It measures
how close the predicted cumulative distribution is to the empirical distribution concentrated at the
ground-truth value, thus capturing both accuracy and uncertainty calibration.

A.2.4 TRAINING PROCEDURE

Following the conditional diffusion formulation described in Section 2.1. Let X0 ∈ RV×L denote
a multivariate time series with V variables and sequence length L. Define the binary observation
mask M ∈ {0, 1}V×L, where Mv,ℓ = 1 indicates observed values and Mv,ℓ = 0 indicates missing
values. The observed and missing components are denoted as

Xob
0 = M ⊙X0, Xmi

0 = (1−M)⊙X0.

During training, a self-supervised masking strategy is adopted: a subset of originally observed en-
tries is randomly masked and treated as missing targets. The diffusion process is applied only to the
missing part Xmi

0 , while Xob
0 remains fixed and serves as conditioning context.

7
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At diffusion step t, Gaussian noise ϵ ∼ N (0, I) is injected into the missing component

Xmi
t =

√
ᾱt X

mi
0 +

√
1− ᾱt ϵ, (9)

where {αt}Tt=1 is a predefined variance schedule and ᾱt =
∏t

s=1 αs. The model is trained to predict
the injected noise using a conditional noise predictor ϵθ(Xmi

t , t | Xob
0 ,M). The denoising objective

is minimized. Since diffusion is applied only to the missing component, the loss is computed exclu-
sively on the missing positions

L(θ) = E

[
1∑

v,ℓ(1−Mv,ℓ)

V∑
v=1

L∑
ℓ=1

(1−Mv,ℓ) (ϵv,ℓ − ϵθ(·)v,ℓ)2
]
. (10)

The self-supervised training procedure of CTD-MTSI is summarized in Algorithm 1.

Algorithm 1 Training of CTD-MTSI

1: Input: training data distribution q(X0), number of iterations Niter, noise schedule {αt}Tt=1

with ᾱt =
∏t

s=1 αs

2: Output: trained conditional noise predictor ϵθ
3: for i = 1 to Niter do
4: Sample t ∼ Uniform({1, . . . , T}), X0 ∼ q(X0)
5: Sample point-wise random masking on observed entries by updating M (e.g., set 30% of ones

in M to zero)
6: Compute conditional context and missing targets:

Xob
0 ←M ⊙X0, Xmi

0 ← (1−M)⊙X0

7: Sample Gaussian noise ϵ ∼ N (0, I) with the same shape as Xmi
0

8: Apply forward noising to the missing part: Xmi
t ←

√
ᾱt X

mi
0 +

√
1− ᾱt ϵ

9: Predict noise using CTD-MTSI: ϵ̂← ϵθ
(
Xmi

t , t | Xob
0 , M

)
10: Take a gradient step minimizing the denoising objective (computed on missing entries):

∇θ

(
1∑

v,ℓ(1−Mv,ℓ)

V∑
v=1

L∑
ℓ=1

(1−Mv,ℓ) (ϵv,ℓ − ϵ̂v,ℓ)
2

)
11: end for

The model is optimized using Adam with an initial learning rate of 10−3 and a batch size of 16.
Training runs for 200 epochs. A multi-step learning rate scheduler is employed, reducing the learn-
ing rate by 90% at 75% and 90% of the total training epochs.

Algorithm 2 Imputation (Conditional Reverse Sampling) with CTD-MTSI

1: Input: partially observed sample X0, mask M ∈ {0, 1}V×L, trained ϵθ
2: Output: imputed missing values X̂mi

0
3: Compute observed context: Xob

0 ←M ⊙X0

4: Initialize missing part with Gaussian noise: Xmi
T ∼ N (0, I)

5: for t = T down to 1 do
6: Predict noise: ϵ̂← ϵθ

(
Xmi

t , t | Xob
0 , M

)
7: Compute DDPM mean: µθ ← 1√

αt

(
Xmi

t − 1−αt√
1−ᾱt

ϵ̂
)

8: Sample reverse step: z ∼ N (0, I), Xmi
t−1 ← µθ + σtz

9: end for
10: Set X̂mi

0 ← Xmi
0 and return the full imputed series: X̂0 ← Xob

0 + X̂mi
0

A.3 ADDITIONAL QUALITATIVE RESULTS

We provide additional qualitative imputation visualizations under varying point wise missing ratios
(10%, 30%, 50%, and 70%) for both ETTh1 and ETTh2. These figures illustrate median predictions
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and 95% confidence intervals, highlighting reconstruction accuracy and uncertainty calibration un-
der increasing sparsity.

Figure 2: Visualization of probabilistic imputations results on ETTh1 (10% missingness). The
results is for a time series sample with all 7 features. The median and 95% CIs are shown in green,
observed points in red and targets in blue.
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Figure 3: Visualization of probabilistic imputations results on ETTh2 (10% missingness). The
results is for a time series sample with all 7 features. The median and 95% CIs are shown in green,
observed points in red and targets in blue.

Figure 4: Visualization of probabilistic imputations results on ETTh1 (30% missingness). The
results is for a time series sample with all 7 features. The median and 95% CIs are shown in green,
observed points in red and targets in blue.
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Figure 5: Visualization of probabilistic imputations results on ETTh2 (30% missingness). The
results is for a time series sample with all 7 features. The median and 95% CIs are shown in green,
observed points in red and targets in blue.

Figure 6: Visualization of probabilistic imputations results on ETTh1 (50% missingness). The
results is for a time series sample with all 7 features. The median and 95% CIs are shown in green,
observed points in red and targets in blue.
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Figure 7: Visualization of probabilistic imputations results on ETTh2 (50% missingness). The
results is for a time series sample with all 7 features. The median and 95% CIs are shown in green,
observed points in red and targets in blue.

Figure 8: Visualization of probabilistic imputations results on ETTh1 (70% missingness). The
results is for a time series sample with all 7 features. The median and 95% CIs are shown in green,
observed points in red and targets in blue.
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Figure 9: Visualization of probabilistic imputations results on ETTh2 (70% missingness). The
results is for a time series sample with all 7 features. The median and 95% CIs are shown in green,
observed points in red and targets in blue.
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A.4 NOISE PREDICTOR ARCHITECTURE DIAGRAM

Figure 10 illustrates the overall architecture of the CTD-MTSI noise predictor. The model receives
the noisy data Xmi

t , the observed data Xob
0 , and the diffusion timestep t as inputs. The backbone

consists of (i) a mask-aware convolutional patch embedding stem, (ii) FiLM-based conditioning, (iii)
hierarchical CNN–transformer modules combining depthwise temporal convolutions and variable
attention, and (iv) a reconstruction head that outputs the predicted noise ϵθ.

Figure 10: Diagram of the CTD-MTSI noise predictor backbone.

To provide further detail, Figure 11 illustrates the internal structure of a single CNN–transformer
module used in the hierarchical backbone, combine with temporal downsampling. The module al-
ternates depthwise temporal mixing and variable attention, followed by a convolutional feed-forward
network, with noise-conditioned normalization applied at each residual branch.
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Figure 11: Diagram of the CNN-transformer module.
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