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Abstract

Generative models have gained significant attention in mul-
tivariate time series forecasting (MTS), particularly due to
their ability to generate high-fidelity samples. Forecasting the
probability distribution of multivariate time series is a chal-
lenging yet practical task. Although some recent attempts
have been made to handle this task, two major challenges
persist: 1) some existing generative methods underperform in
high-dimensional multivariate time series forecasting, which
is hard to scale to higher dimensions; 2) the inherent high-
dimensional multivariate attributes constrain the forecast-
ing lengths of existing generative models. In this paper, we
point out that discrete token representations can model high-
dimensional MTS with faster inference time, and forecast-
ing the target with long-term trends of itself can extend the
forecasting length with high accuracy. Motivated by this, we
propose a vector quantized framework called Hierarchical
Discrete Transformer (HDT) that models time series into dis-
crete token representations with /o normalization enhanced
vector quantized strategy, in which we transform the MTS
forecasting into discrete tokens generation. To address the
limitations of generative models in long-term forecasting, we
propose a hierarchical discrete Transformer. This model cap-
tures the discrete long-term trend of the target at the low level
and leverages this trend as a condition to generate the dis-
crete representation of the target at the high level that intro-
duces the features of the target itself to extend the forecasting
length in high-dimensional MTS. Extensive experiments on
five popular MTS datasets verify the effectiveness of our pro-
posed method. The source code will be released.

Introduction

Multivariate time series forecasting task has been applied
to many real-world applications, such as economics (Sezer,
Gudelek, and Ozbayoglu 2020; Feng et al. 2022), traffic (Wu
et al. 2020; Liu et al. 2016), energy (Zhicheng et al. 2024)
and weather (Qiu et al. 2017; Jin et al. 2023). As a gener-
ative task, MTS forecasting presents challenges in two key
aspects: the inherent high-dimensionality of the data distri-
bution, and the long-term forecasting. To model the complex
distributions of high-dimensional data, previous studies have
established deep generative models in both autoregressive
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and non-autoregressive ways. To our knowledge, most of the
work in the context of high-dimensional MTS has focused
on short-term forecasting (predicted length: 24, 48) (Rasul
et al. 2020, 2024; Fan et al. 2024).To improve long-term
forecasting, various Transformer architectures (Nie et al.
2022; Liu et al. 2023) have been proposed, but most are
focused on low-dimensional scenarios. Effectively model-
ing high-dimensional distributions with longer forecasting
lengths remains a challenge. A key issue is integrating deep
generative models with sequence modeling frameworks to
handle both high-dimensional data and long-term forecast-
ing tasks.

Existing works (Salinas et al. 2020; Rasul et al. 2021; Li
et al. 2022; Feng et al. 2023) have several attempts to utilize
various forms of deep generative models, such as Normal-
izing flows (Dinh, Sohl-Dickstein, and Bengio 2016), Vari-
ational Auto-Encoder (VAEs) (Kingma and Welling 2013),
Diffusion models (Li et al. 2024; Fan et al. 2024) to model
high-dimensional MTS. They apply deep generative mod-
els to the high-dimensional distributions over time, learn-
ing the patterns of distribution changes along the temporal
dimension for precise prediction. Due to complex patterns
and long temporal dependencies of MTS, directly model-
ing high-dimensional MTS distributions in the time domain
can lead to issues of distribution drift (Kim et al. 2021) and
overlook the correlations between variables, limited to short-
term forecasting settings.

Recently, several attention-variant Transformer frame-
works (Liu et al. 2023; Rao, Li, and Miao 2022) and LLM-
based structures (Zhou et al. 2023; Bian et al. 2024) have
been applied to long-term forecasting of MTS, showing ex-
cellent performance on MTS datasets. Building on the suc-
cess of these methods, we identified two key modules: the
series decomposition block (Wu et al. 2021; Liu et al. 2022),
which uses moving averages to smooth periodic fluctuations
and highlight long-term trends, and the discrete Transformer
for MTS modeling. Inspired by these approaches, we first
learn the discrete representations of the MTS and then in-
corporate the long-term trends of the forecasting target into
our model. This allows us to enhance forecasting length ca-
pability with high accuracy.

As a discrete framework, Vector Quantized (Gray 1984)
techniques have shown strong competitiveness in high-
dimensional image fields (Rao et al. 2021; Zheng et al.



2022; Chang et al. 2023), These approaches utilize the pre-
quantizing images into discrete latent variables and model-
ing them autoregressively. For the time series domain, VQ-
based methods such as TimeVQVAE (Lee, Malacarne, and
Aune 2023), TimeVAE (Desai et al. 2021) and TimeGAN
(Yoon, Jarrett, and Van der Schaar 2019) all focus on time
series generation task, the lateset VQ-TR (Rasul et al. 2024)
introduce the VQ strategy within the transformer architec-
ture as part of the encoder attention blocks, which attends
over larger context windows with linear complexity in se-
quence length for efficient probabilistic forecasting. Inspired
by their success of discrete strategy, we aim to explore
the application of these techniques in the domain of high-
dimensional MTS. Our model differs VQ-TR in two key as-
pects: i) HDT is two-stage, whereas it is end-to-end. ii) We
focus on enhancing the long-term forecasting performance
by introducing discrete representation of target itself, while
they take efforts to reduce time and space complexity by dis-
cretizing the context inputs for efficient forecasting.

To extend the forecasting length within the high-
dimensional MTS, we propose an effective generative
framework, which is called Hierarchical Discrete Trans-
former HDT. It is a two-stage learning framework, consist-
ing of a pre-quantizing module to obtain the discrete la-
tent tokens of the forecasting targets, called tokenization,
and a hierarchical modeling strategy for generating the dis-
crete tokens. In the stage 1, we design two discrete token
learning modules: one for obtaining latent tokens of our
forecasting targets, and the other for obtaining latent to-
kens of downsampled targets using the downsampled input.
This approach yields two key benefits: i) compressed latent
discrete tokens effectively extend the prediction length for
high-dimensional M TS, and ii) by incorporating the discrete
latent space features of the targets, we reduce time complex-
ity through shorter discrete token generation in stage 2.

In the stage 2, we devise a hierarchical discrete Trans-
former. At the low-level, we perform cross-attention be-
tween the contextual information and the discrete down-
sampled targets to generation task of downsampling target.
At the high-level, we use the discrete downsampled results
generated at the low-level as conditions to perform self-
conditioned cross-attention with the discrete target, thereby
achieving the generation of the discrete target. We summa-
rize our main contributions as follows.

* We propose an effective hierarchical vector quantized
method to introduce the long-term trend of targets for
future target forecasting with higher accuracy and faster
inference time.

¢ We build a vector quantized MTS framework with ¢5 nor-
malization and self-conditioned cross attention for MTS
forecasting, which can scale to high-dimensional and ex-
tend the prediction length with high accuracy.

» Extensive experiments conducted on real-world datasets
demonstrate the superiority of our HDT, achieving an
average 16.7% improvement on CRPSg,, and 15.4% on
NRMSEg,,, compared to the state-of-the-art methods.
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Methods

Our model comprises several key components. In this sec-
tion, we present an overview of these components, which
are divided into two stages. The training and inference de-
tails are shown in Algorithm 1, 2 and 3. Figure 1 provides an
overview of the model architecture. In the stage 1, we have
two types of VQGAN (Esser, Rombach, and Ommer 2021)
structures (Encoder, Quantization, Decoder): one is based
on the discrete representation learning of the downsampled
time series, and the other is based on the discrete represen-
tation learning structure corresponding to the prediction tar-
gets. Since the VQ strategy is operated on the channel di-
mension, the inter-variate correlations are captured in stage
1. In stage 2, a context encoder and a base Transformer de-
coder perform temporal cross-attention to generate discrete
downsampled targets. The output from these low-level mod-
ules is then fed into a self-conditioned Transformer decoder
to autoregressively predict discrete target tokens. This two-
stage approach captures inter- and intra-correlations with
discrete tokens, enhancing the accuracy of time series fore-
casting.

Stage 1: Modulating Quantized Vector

Series Downsample Module. According to the Autoformer
(Wu et al. 2021), the moving average operation of non-
stationary time series can smooth out periodic fluctuations
and highlight long-term trends. As the objective of our work
is to address the challenge of long-term forecasting in high-
dimensional MTS, it is crucial for us to retain long-term pat-
terns with the downsampled time series. For length-7 input
series Xppeq € R7*D the process is:

Xiown = AvgPool(Padding(Xpred)), (D

where Xjon € R™*P denotes the long-term pattern repre-
sentations. Here, we introduce the AvgPool(.) for moving
average with the Padding(.) to keep the series length un-
changed. X4, is the self-condition of targets, which con-
sists of long-term patterns for the following future targets
forecasting.

Discrete Tokenization using VQGAN. In the discrete rep-
resentation learning of stage 1, the discrete learning modules
of targets and downsampled targets show the same structure,
which consists of an encoder and a decoder, with a quanti-
zation layer that maps a time series input into a sequence of
tokens from a learned codebook. The details of these mod-
ules are provided in the Appendix C. Specifically, given any
time series Xjreq € R7™*PD can be represented by a spatial
collection of codebook entries zq, € R**™= where n, is the
dimensionality of quantized vectors in the codebook and s is
the length of the discrete token sequence. In this way, each
time series can be equivalently represented as a compact se-
quence with s indices of the code vectors. The quantization
operates on the channel dimension, capturing inter-variate
correlations. Formally, the observed target &),..q and down-
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Figure 1: An illustration of our proposed HDT is provided. In stage 1, the model generates discrete downsampled targets and
discrete targets, which are passed to Stage 2 for further processing. In stage 2, the contextual encoder and base Transformer
decoder are trained with historical inputs and discrete downsampled tokens at the low level. Once trained, these low-level
modules are fixed, and their outputs are fed into the high-level framework to generate the final discrete target sequence.

sampled target Xy, are reconstructed by:

Xprea = Go, (7q,) = Go,(ar(2")) = Go, (¢ (Ep, (Xprea)))
@

Xd;wn = o, (qu) = Go, (qd(éd)) = Go, (qd (gwd (Xdown))) :

3)

In particular, the €y, ,, 4y 41, Yoy, ., are the encoders, quan-
tization layers and decoders corresponding to Xj..q and
Xiown, respectively. To avoid confusion and redundant ex-
pressions, we have removed the subscript symbols corre-
sponding to the discrete learning and training process in the
stage 1 formulas. The quantization operator q is conducted
to transfer the continuous feature into the discrete space by
looking up the closest codebook entry zj, for each timestamp
feature 2; within 2, and note that 2 represents the execution
process corresponding to both 2* and 2%.:

“

zg =q(2) = argmin ||2; — z]|,
ZREZ

where Z € RE*"= is the codebook that consists of K en-
tries with n, dimensions and Z; is the continuous feature
of the timestamp. Note that z,, and z,, each correspond to
their respective codebooks Z* and Z¢. The subscript for Z
is omitted to maintain the brevity of the paper. The above
models and the codebook can be learned by optimizing the
following objectives:

Lvq (Ep,Go, Z) =X — X3+ [Isg [E4(X)] — 24ll5
+ Blsg [zg] — Ep(X)]3 5)

In detail, sg denotes the stop-gradient operator, (3 is a hyper-
parameter for the last term commitment loss. The first term
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is reconstruction loss and the second is codebook loss to
optimize the entries in the codebook.

To learn a perceptually rich codebook in VQGAN, it
introduces an adversarial training procedure with a patch-
based discriminator D={D;, D4} (Isola et al. 2017) that
aims to differentiate between real and reconstructed images.
In our setting, we introduce a shallow Convld network to
enhance the reconstruction results:

Lean({€s,Go, 2}, D) = [log D(X) + log(1 — D())].
(6)
The final objective for finding the optimal Model Q* =
&y, Gy, Z is:
Q" = arg min
gd,,gg,z

+ A[’GAN({Ewa g@a Z}? D)] )

where the A is an adaptive weight parameter, which is com-
puted by the gradient of Gy and D.

{5 Regularization. However, in our experiments, we ob-
served that applying 15 normalization (m) to the entries in

the codebook can enhance the reconstruction performance.

Loorm = |12 (E4(X)) = £2 (2015 )
Finally, the training loss function is described as:

L= ‘CVQ (g¢7 gg, Z) + £GAN({g1p, g@a Z}7 D) + £norm-

)
Overall, in the stage 1, Xj;cq and Xgown €ach obtain their
respective codebooks Z* and Z<.

mgx EXNP(X) [EVQ((€¢, g97 Z)

Stage 2: Modelling Prior Distribution with HDT

In this section, we introduce the details of the hierarchical
discrete transformer. In stage 2, we establish a framework to



estimate the underlying prior distribution over the discrete
space for generating discrete time series tokens. This allows
the post-quantization layers and the decoder from stage 1 to
reconstruct the continuous targets. First, we present the over-
all generation process for the discrete tokens, as illustrated
in Figure 1. Then, we detail the specific implementation pro-
cedures for both the low-level and high-level generation sep-
arately.

Low-level Token Generation. This process can be con-
sidered a preliminary process of target token generation
of high-level. Specifically, we now have the context data
X, € R"*P and the discrete representation of the downsam-
pled target Sgown = {,zf'lli7 22, e qd} € R®a*"= where
h is the look-back window length and D is the number of
variates, sq is the length of discrete downsampled target se-
quence and n, is the feature dimension of the discrete rep-
resentation. We formulate the training process by:

Hp = Er(Xyp), ©))
P(Sdownlc) Hp (s 1 7ase=M,), (0)
Lpase = EmNp(m) [_ log p(sdown)}v (11)

where Ep is the contextual encoder that is the Trans-
former encoder in our experiment. H, € RM™= js
the output of the context encoder and Ly,.se is the
loss function of base Transformer decoder at the low-
level framework. p (zg |z§§i,c=7-lp) is to compute
the likelihood of the full representation p(Sgown|cC)
[Lp (st
text embedding #H, and the downsampled tokens $qoun.
Moreover, the discrete downsampled results directly impact
the generation of high-level discrete targets, we explored
three different methods for obtaining #,,. These methods are
explained in detail in the subsequent experimental section.

High-level Token Generation. After training the context
encoder and base Transformer decoder in the low-level
framework, we not only capture the content features of
the context but also ensure that the discrete downsampled
sequences retain long-term patterns. This provides addi-
tional conditions related to the target’s own features in the
high-level framework, thereby enhancing the accuracy of
long-term forecasting. We have the discrete target sp,cq =
{z“’l Zq? th} € R*»*™ | s40uwn and H,, where the s,
is the length of discrete target sequence. The process of au-
toregressively generating sp,.q can be described as follows:

Hp( | zq=' c= {sdowm’Hp}) , (12)

(13)

o<t o= Hp> . We then obtain the trained con-

3pred|

Lself-cond = Ea:wp(:z;) [_ log p(spred)]a

where the $4,.,, and HP? are fixed, the cross-attention of self-
conditioned Transformer decoder is operating between the
Sdown and Spreq, the temporal cross-attention is introduced
to the H? and sp,cq, as shown in Figure 1. After complet-
ing the high-level training, we can input the discrete form
of the target into the stage 1 decoder Gy, to reconstruct the
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predicted target. Notably, unlike the popular diffusion mod-
els, the VQ discretization strategy effectively avoids the ef-
ficiency issues associated with iterative diffusion structures
and autoregressive prediction methods.

Algorithm 1: Training of Stage 1

Input: Set of time series targets Xpcq
Output: Encoder &, and &,, Decoder Gy, and Gy, , Dis-

criminator D, and D, quantization codebook q; and q4.
1: for k < 1to K do

2 Getthe Xpreq ~ Xpred;

3:  Obtain the Xg4own by Eqn. 1;

4:  Feed Xprea and Xgown to encoder {&y,, £y,}, and
quantization {q¢, g4}, by Eqn.(2, 3, 4), respectively;

5. Compute the {2 Regularization and loss by
Eqn.( 5, 7);
6:  ifk>kis 0.75K then
7: Introduce the Discriminator D;, Dy respectively
and compute the loss by Eqn. 8;
8: endif
9: end for

10: Return trained Ey,, £y,, Go,, Go,» At» Aa» D¢ and Dy.

Algorithm 2: Training of Stage II

Input: Set of history time series X),, targets X,,,..q and train-
able BOS token [BOS]. The optimized encoders &, and
Gy, , trained quantization codebooks q; and qg.

Output: The base Transformer decoder B, contextual en-

coder E7, and self-cond Transformer decoderS.
1: for k <+ 1to K do

2:  Obtain the X g5, from X,,,..4by Eqn. 1;

3:  Getthe token sequences Sqown and spreq from trained
q; and qg of stage 1 by Eqn. 4 with X g5, and X,.¢q,
respectively;

4:  Minimize the negative log-likelihood with training
Er and B by Eqn.(9, 10, 11) with concatenating
the [BOS] token at the beginning of token sequence

Sdown -

end for

for k£ < 1to K do

7:  Introduce the output s44,, from the combination of
trained £ and B;

8:  Minimize the negative log-likelihood with frozen £,
B and trainable S by Eqn. 13 with concatenating
the [BOS] token at the beginning of token sequence

AR

Spred-

9: end for
: Return trained contextual encoder £, base Transformer
decoder B, self-cond Transformer decoder S and [BOS]

token.

Experiments

We conducted experiments to evaluate the performance and
efficiency of HDT, covering short-term and long-term fore-
casting as well as robustness to missing values. The eval-
uation includes 5 real-world benchmarks and 12 baselines.



Algorithm 3: Inference

Input: Set of history time series X),, trained BOS token
[BOS], trained contextual encoder E7, base Transformer de-
coder B and self-cond Transformer S and Decoder Gy, .

Output: Reconstructed future targets X,.cq.
1: for i < 1 to I in test samples do

2:  Sample the downsampled tokens sg,,,, With trained
[BOS] token and X, from the combination of &7 and
B by Eqn.(9, 10, 11);

3:  Sample the target tokens s with [BOS] token from
trained S, &7 and B by Eqn.(12, 13);

4:  Return the target X,,,..q by Gg, of Eqn.2.

end for

: Return the prediction target X}, ¢q.

A

Detailed model and experiment configurations are summa-
rized in Appendix C.

Datasets. We extensively evaluate the proposed HDT on
five real-world benchmarks, covering the mainstream high-
dimensional MTS probabilistic forecasting applications, So-
lar (Lai et al. 2018), Electricity (Lai et al. 2018), Traf-
fic (Salinas et al. 2019), Taxi (Salinas et al. 2019) and
Wikipedia (Gasthaus et al. 2019). These data are recorded
at intervals of 30 minutes, 1 hour, and 1 day frequencies,
more details refer to Appendix B.

Baselines. We include several competitive multivariate time
series baselines to verify the effectiveness of HDT. Previ-
ous work DeepAR (Salinas et al. 2020), GP-Copula (Sali-
nas et al. 2019) and Transformer-MANF (Rasul et al. 2020).
Then, we compare HDT against the diffusion-based meth-
ods, TimeGrad (Rasul et al. 2021), MG_TSD (Fan et al.
2024), D®VAE (Li et al. 2022), CSDI (Tashiro et al. 2021),
SSSD (Alcaraz and Strodthoff 2022), TSDiff (Kollovieh
et al. 2023) with additional Transformer layers followed by
S4 layer and TimeDiff (Shen and Kwok 2023). Among the
MTS forecasting with VQ-Transformer, we introduce and
VQ-TR (Rasul et al. 2023) for comparisons. The details of
baselines are shown in Appendix F.

Evaluation Metrics. For probabilistic estimates, we report
the continuously ranked probability score across summed
time series (CRPSy.,) (Matheson and Winkler 1976), a
widely used metric for probabilistic time series forecasting,
as well as a deterministic estimation metric NRMSE,,,...
(Normalized Root Mean Squared Error). For detailed de-
scriptions, refer to Appendix B.

Implementation Details. Our method relies on the ADAM
optimizer with initial learning rates of 0.0005 and 0.001,
and a batch size of 64 across all datasets. The history length
is fixed at 96, with prediction lengths of {48,96,144}. We
sample 100 times to report metrics on the test set. All exper-
iments are conducted on a single Nvidia A-100 GPU, and
results are based on 3 runs.

Main results

Probabilistic Forecasting Performance. As shown in Ta-
ble 1, HDT achieves consistent state-of-the-art performance
in most of benchmarks, covering three prediction settings,
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large span of dimensions and more showcases are shown in
Supplementary due to the page limitation. Especially, HDT
achieves a large performance gain over recent popular dis-
crete method VQ-TR, such as average 25.9% CRPM;,,,
improvement on Traffic, 23.1% CRPM,,, improvement
on Taxi. Also, we observe that HDT outperforms some
diffusion-based methods TimeDiff, TSDiff and marginal im-
provement against recent strong baseline MG_TSD that is
more obvious in the case of high-dimensional and non-
stationary datasets, such as average 13.3% improvement on
Traffic and 10.2% on Taxi. This implies that the trends of
target may introduce more future information gains into our
forecasting model.

Deterministic Forecasting Performance. In our experi-
ments, we observe that some models exhibit higher val-
ues for CRPSgum, yet lack true predictive accuracy. There-
fore, we report the NRMSE,,,,, for deterministic estimation,
which is shown in Table 1. We found that HDT achieves the
best results cross all datasets, especially in the Traffic and
Taxi datasets, we achieve average improvements of 15.3%
and 15.6% NRMSE,,,,, comparing to the strong baseline
MG_TSD. It is worth noting that D3VAE and TimeDiff
showe significant deviations in point evaluations, but TSD-
iff with self-guidance demonstrate competitive performance,
implying the effectiveness of self-guided strategy. The time
and space efficiencies of HDT are shown in Appendix D,
due to limited space.

Ablation studies

Effect of Discrete Representation z, in Eqn. (4). To ver-
ify the effectiveness of discrete representations in MTS, we
conducted an experiment by bypassing the discretization of
the intermediate variable Z in stage 1, directly inputting it
into stage 2 for autoregressive generation via cross-attention
with the context encoder. We tested this on three datasets
(Electricity, Traffic, Taxi) with two prediction lengths (48
and 96), covering dimensions from 370 to 1214. As shown
in Table 2, the continuous structure (C-Transformer) per-
formed poorly in both probabilistic and deterministic sce-
narios. We believe that without discretization, Z acts as an
infinitely large codebook, making it difficult for the stage 2
Transformer to fit properly. This highlights the effectiveness
of our discrete Transformer structure.

Effect of Historical Condition #? in Eqn. (13). To ver-
ify the applicability of discrete representations in multivari-
ate time series, we set four different forms of historical se-
quences during the second stage of training: (i) HDT-h,: the
continuous features from the stagel, not transformed into
discrete form; (ii) HDT-h,: transformed into the correspond-
ing discrete form in the stage 1; (iii) HDT-h4~: the discrete
features, without entering the Encoder of stage 2 (iv) HDT-
hg.: concatenation of discrete and continuous representa-
tions from the stage 1. We test on two high-dimensional and
distinct types of multivariate time series and the results are
shown in Table 3, the relatively stable and periodic Traffic,
and the Taxi series, which is of higher frequency of fluctu-
ations and more outliers. We observe that in the Traffic and
Taxi of all prediction settings, HDT-h. performs obviously
lower than HDT-h; and HDT-h4+, while HDT-h,. is com-



HDT VQ-TR MG_TSD TSDiff TimeDiff SSSD D*VAE CSDI TimeGrad Trans-MAF DeepAR GP-Copula

Models (Ours) (2024) (2024) (2024) (2023) (2023) (2022) (2021) (2021) (2020) (2020) (2019)

Metric CKPS NRMSE|CRPS NRMSE|CRPS NRMSE|CRPS NRMSE| CRPS NRMSE|CRPS NRMSE| CRPS NRMSE|CRPS NRMSE|CRPS NRMSE|CRPS NRMSE|CRPS NRMSE|CRPS NRMSE

48 10.329 0.653]0.334 0.657 [0.328 0.645 [0.324 0.651 |0.376 0.814 |0.340 0.654 |0.382 0.692]0.336 0.651 [0.357 0.667 [0.341 0.672 |0.362 0.691 |0.426 0.891
96 10.330 0.694 |0.357 0.734 |0.339 0.707 |0.336 0.715|0.415 0.935|0.365 0.704 {0.413 0.757 |0.359 0.712 |0.384 0.731 |0.376 0.743 |0.402 0.775 |0.475 0.921
144 |0.357 0.776 |0.377 0.885 |0.373 0.825 |0.379 0.847 |0.438 1.312 |0.392 0.830 |0.448 0.914 |0.387 0.865 |0.429 0.916 |0.394 0.824 |0.448 0.936 |0.559 1.207

| Avg |0.338 0.707 |0.356 0.758 |0.347 0.726 [0.346 0.738 |0.410 1.020 |0.366 0.729 |0.414 0.788 |0.361 0.74310.390 0.771 |0.370 0.746 |0.404 0.801 |0.487 1.006

Solar

Z| 48 0.025 0.030 |0.034 0.0330.023 0.030 [0.024 0.029 [0.036 0.092 [0.037 0.0320.046 0.096 [0.032 0.034 [0.043 0.031 [0.039 0.034 |0.043 0.035 |0.047 0.055
2] 96 (0.028 0.032 0.045 0.040 [0.034 0.035 [0.039 0.036 [0.049 0.109 0.045 0.041 [0.062 0.114 0.049 0.039 [0.067 0.035 [0.060 0.038 [0.058 0.044 0.069 0.058
| 14410036 0.057 [0.049 0.070 [0.042 0.064 |0.047 0.072 [0.063 0.147 |0.056 0.084 |0.086 0.142 |0.067 0.088 0.082 0.085 |0.101 0.093 |0.104 0.097 |0.125 0.109
@ Ave 0.028 0.038 [0.043 0.048 [0.033 0.043 [0.036 0.046 [0.049 0.116 [0.046 0.052 [0.065 0.117 [0.049 0.054 [0.064 0.050 [0.066 0.055 [0.068 0.059 |0.080 0.074
o| 48 [0.034 0.060 [0.039 0.074 [0.036 0.067 [0.057 0.070 [0.064 0.175 [0.053 0.074 [0.082 0.312| - - [0.067 0.072 [0.070 0.074 [0.069 0.081 [0.082 0.136
£| 96 [0.037 0.063 0.052 0.082 |0.042 0.072 0.068 0.076 [0.081 0.246 |0.069 0.080 [0.091 0.465| - - [0.095 0.087 0.086 0.081 [0.099 0.128 |0.093 0.148
| 144 {0.047 0.076 |0.068 0.093 [0.056 0.096 [0.095 0.114 [0.109 0304 [0.084 0.106 [0.129 0.472| - - |0.124 0.105 |0.107 0.096 [0.113 0.142 0.125 0.185

| Ave [0.039 0.066 [0.053 0.083 [0.045 0.078 [0.073 0.087 |0.085 0.241[0.069 0.087 |0.101 0.416] - - [0.095 0.088 [0.088 0.084 [0.093 0.117 [0.100 0.156

48 10.166 0.264 0.274 0363 |0.217 0327 (0.243 0.330 [0.272 0391 [0.234 0.338 [0.246 0.617 | - - |0.264 0.348|0.236 0345 [0.259 0.368 [0.276 0.388
‘%[ 96 10.356 0.513 [0.473 0.577 |0.379 0.528 [0.469 0.534 [0.491 0590 |0.371 0.542 |0.481 0.849 | - - |0.488 0.571 0.464 0.563 [0.476 0.607 |0.617 0.625
€| 144 |0.465 0.538 |0.536 0.724 |0.485 0.703 0.517 0.706 |0.532 0.915 |0.483 0.712[0.527 1.124| - - |0.515 0.717 [0.522 0.726 [0.559 0.774 [0.664 0.815

| Ave [0.329 0.438 [0.428 0.555 [0.360 0.519 [0.410 0.523 |0.432 0.632]0.363 0.531 [0.418 0.863| - - [0.422 0.545 [0.407 0.545[0.431 0.583]0.519 0.609
S| 48 (0.073 0.095 0.063 0.086 [0.066 0.093 [0.074 0.090 [0.091 0.142 [0.077 0.103 [0.112 1.625| - - [0.081 0.102 (0.084 0.111 0.083 0.109 [0.092 0.107
2| 96 [0.074 0.126 |0.086 0.153 [0.080 0.137 [0.086 0.143 [0.116 0.191 [0.093 0.146 [0.187 2.234 | - - |0.119 0.194 |0.107 0.148 |0.105 0.163 |0.131 0.160
£ | Ave [0.073 0.110 0.074 0.120 [0.073 0.115 [0.080 0.116 |0.104 0.167 [0.085 0.125 [0.150 1.929| - - [0.100 0.148 [0.095 0.130 [0.094 0.136 [0.111 0.135

Coum| 16 16 | 1 1 |2 1 [1 1 ][]0 ©0]0 O[]0 ©O0]0 00 0[O0 0[]0 070 0

Table 1: Model performance comparisons on the test set CPCPS:CRPSSWI, NRMSE:NRMSEsum (lower is better) show base-
lines and our HDT model. — marks out-of-memory failures. Trans-MAF stands for Transformer-MAF. The underlined ones as
the second best.

‘ Datasets

‘ Electricity ‘ Traffic ‘ Taxi ‘
| Lengths | 48 96 | 48 96 | 48 96 |
| Metrics | CRPSqum  NRMSE.,, CRPS.,, NRMSE.,, | CRPS.u, NRMSE..,, CRPS.,  NRMSE.., | CRPS.,, NRMSE.,, CRPS.,  NRMSE., |

C-Transformer | 0.327(.004) 0.532(.018) 0.212(.007) 0.228(.014) | 0.467(.011) 0.845(.009) 1.004(.005) 1.150(.012) | 0.861(.006) 1.121(.013) 0.977(.008) 1.118(.011)
HDT 0.025(.002)  0.030(.002) 0.028(.001) 0.032(.003) | 0.034(.001) 0.060(.004) 0.037(.003) 0.063(.005) | 0.166(.005) 0.264(.003) 0.356(.002) 0.513(.007)

Table 2: Performance of HDT with Continuous Transformer structure C-Trasformer, which does not include the quantization
layer in the stage 1 and replace the discrete token sequences of HDT with continuous representation from stage 1.

0 15Traffic, Temperature Evaluation Taxi, Temperature Evaluation 0.15 Traffic, Robustness Level Taxi, Robustness Level
' Traffic 48 0.6 ' Traffic, HDT 0.6 Taxi, HDT
—4— Traffic 96 ' —4— Traffic, MG_TSD : —4— Taxi, MG_TSD
£0.10 Traffic 144 £ £0.10 Traffic, VQ-TR £ Taxi, VQ-TR
g | Foate et 504
£ g £ A e
O 0.05 Oop2 Tax? 48 0 0.05 — Oopo
—4— Taxi 96
Taxi 144
0.00 0.0 0.00. 0.0
1.0 20 3.0 50 8.0 1.0 2.0 3.0 5.0 8.0 10% 25% 50% 75% 90% 10% 25% 50% 75% 90%
Temperature Levels Temperature Levels Missing Ratio Missing Ratio

Figure 2: Performance of HDT with different temperature levels of different prediction lengths in Traffic and Taxi datasets. The
comparison results against MG_TSD and VQ-TR with HDT on different levels of missing rate.

| Datasets | Traffic | Taxi |

| Lengths | a3 9% 144 | 43 9% 144 |

| Metrics | CRPSs;  NRMSEsn, CRPS;; NRMSE., CRPS,,, NRMSE., | CRPS,,, NRMSE.,, CRPS,u; NRMSE.., CRPS,,, NRMSE, |
HDT-h. | 0.042(.003) 0.069(.005) 0.046(.002) 0.077(.006) 0.056(.002) 0.084(.003) | 0.206(.004) 0.316(.005) 0.373(.006) 0.548(.010) 0.481(.004) 0.573(.006)
HDT-hg- | 0.038(.002) 0.065(.008) 0.039(.004) 0.067(.004) 0.050(.004) 0.078(.003) | 0.189(.004) 0.278(.004) 0.371(.004) 0.537(.005) 0.480(.005) 0.568(.011)
HDT-hy | 0.034(.001) 0.060(.004) 0.037(.003) 0.063(.005) 0.048(.005) 0.079(.006) | 0.166(.003) 0.264(.005) 0.356(.002) 0.513(.004) 0.467(.006) 0.540(.007)
HDT-hg. | 0.036(.003) 0.062(.006) 0.037(.001) 0.064(.002) 0.047(.004) 0.076(.008) | 0.171(.005) 0.266(.003) 0.356(.004) 0.517(.009) 0.465(.003) 0.537(.008)

Table 3: Performance of HDT with Different Types of contextual conditions.Bold numbers represent the best outcomes and the
underlined ones as the second best.

petitive. This suggests that within a probabilistic framework, sion, can be seen as a “Clustering” result that is more re-
discrete representations, serving as an approximate expres- silient to stochastic changes. By incorporating target trends,
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Figure 3: Probabilistic and deterministic performance of HDT and HDT-variants on different prediction length and datasets.
HDT-var.T (Green bar) is the same structure with HDT (Purple bar) without the self-conditions in stage 2. HDT-var.L. (Red
bar) replaces the Transformer with LSTM in stage 2 and without self-conditions.

| Datasets |

Traffic

Taxi

\
| Lengths | 9% 144 | 9% 144 |
| Metrics | CRPS;u;  NRMSEgum  CRPSyu,  NRMSE,,  CRPS.,  NRMSE.u, | CRPS., NRMSE.., CRPS,.,, NRMSE,, CRPS,, NRMSE, |

2 0.036(.003) 0.070(.005) 0.044(.002) 0.079(.007) 0.061(.004) 0.094(.008) | 0.226(.005) 0.338(.006) 0.373(.007) 0.530(.012) 0.542(.005) 0.714(.012)
3 0.036(.005) 0.073(.003) 0.037(.003) 0.063(.005) 0.049(.003) 0.080(.006) | 0.166(.003) 0.264(.005) 0.378(.005) 0.569(.009) 0.530(.008) 0.635(.014)
4 0.034(.001) 0.060(.004) 0.039(.004) 0.067(.006) 0.047(.004) 0.076(.008) | 0.172(.002) 0.277(.007) 0.356(.002) 0.513(.004) 0.465(.003) 0.537(.008)
5 0.037(.002) 0.075(.003) 0.363(.003) 0.524(.005) 0.052(.002) 0.082(.005) | 0.173(.003) 0.268(.004) 0.363(.004) 0.526(.007) 0.476(.007) 0.578(.011)

Table 4: Performance of HDT with Transformer layers under different prediction lengths on Traffic (Stationary) and Taxi (Non-
stationary). We report mean&stdev.results of 3 runs.

HDT can achieve a higher level of deterministic forecasting
performance.

Effect of Discrete Self-Condition s;,,, in Eqn. (10).
From Figure 3, we have: i) For the short-term prediction
length (e.g.48) of two datasets, both HDT-var.T and HDT-
var.L show marginal differences between HDT, implying the
effectiveness of discrete representations. In contrast, these
variants show obvious differences between HDT of 96 and
144 settings, which further verifies the merits of our self-
conditioned strategy.ii) Discrete features demonstrate stable
performance in relatively steady dataset(e.g.Traffic), with-
out significant declines as the forecasting horizon extends.
However, in non-stationary dataset(e.g.Taxi), it still exhibits
notable performance fluctuations of discrete representations,
which implies the effectiveness of our self-condition strat-
egy.

Effect of Missing Ratios in Eqn. (13). To evaluate HDT’s
robustness, we implemented a timestamp masking strategy,
allowing the network to infer representations under incom-
plete contexts. We randomly masked observations (histori-
cal sequences) in the test sets of the Traffic (pred 96) and
Taxi (pred 48) datasets at designated missing rates. Figure 2
illustrates that excluding the target condition from the fore-
casting model leads to a rapid decline in probabilistic per-
formance as the missing rate increases in two diffusion mod-
els. From the Taxi dataset, with the missing rate of histori-
cal conditions nearing 100%, HDT’s performance remains
largely unaffected, in contrast to the obvious performance
degradation observed in the other two history-conditioned
diffusion models.

Effect of Temperature Levels in Inference. During our
experiments, we observed that sampling temperature is a
crucial hyperparameter in a probabilistic setting. As shown
in Figure 2, tests on the Traffic and Taxi datasets revealed
significant differences in results with varying temperatures.

As for the Traffic dataset, a slightly higher temperature im-
proved probabilistic forecasting performance, while a sub-
stantial increase led to model bias. For the Taxi dataset, we
found that a moderate temperature is optimal, with no signif-
icant change in short-term accuracy at higher temperatures
compared to long-term settings. This suggests that HDT can
achieve better results by adjusting temperature variations to
suit different datasets and forecasting lengths.

Effect of Number of Layers in Eqn. (13). To investigate
the effect of the self-cond Transformer layers in Eqn. (13),
we report the CRPS,,,,, and NRMSEj,,,,, results of our SDT
with different number of layers (e.g.2, 3, 4, 5) in Table 4.
We observe that in short-term forecasting, a smaller num-
ber of layers (e.g., 2, 3) shows competitive results in both
datasets. As the forecast length increases, Traffic exhibits
superior performance with a moderately increased number
of layers, while high-stochastic Taxi excels in deeper Trans-
former structures. These experimental results were all con-
ducted under the condition that the base Transformer de-
coder layers in Eqn. 11 are fixed at 3.

Conclusion

In this paper, we propose a hierarchical self-conditioned
discrete method HDT to enhance high-dimensional multi-
variate time series (MTS) forecasting. Our novel two-stage
vector quantized generative framework maps targets into
discrete token representations, capturing target trends for
long-term forecasting. To the best of our knowledge, this is
the first discrete Transformer architecture applied to high-
dimensional, long-term forecasting tasks. Extensive experi-
ments on benchmark datasets demonstrate the effectiveness
of our approach. Future research will explore integrating
multimodal data into MTS forecasting.

752



Acknowledgments

This research is supported by the Joint NTU-WeBank Re-
search Centre on Fintech, Nanyang Technological Univer-
sity, Singapore.

References

Alcaraz, J. M. L.; and Strodthoff, N. 2022. Diffusion-based
time series imputation and forecasting with structured state
space models. arXiv preprint arXiv:2208.09399.

Bian, Y.; Ju, X.; Li, J.; Xu, Z.; Cheng, D.; and Xu, Q. 2024.
Multi-patch prediction: Adapting llms for time series repre-
sentation learning. arXiv preprint arXiv:2402.04852.

Chang, H.; Zhang, H.; Barber, J.; Maschinot, A.; Lezama,
J.; Jiang, L.; Yang, M.-H.; Murphy, K.; Freeman, W. T.;
Rubinstein, M.; et al. 2023. Muse: Text-to-image gener-
ation via masked generative transformers. arXiv preprint
arXiv:2301.00704.

Desai, A.; Freeman, C.; Wang, Z.; and Beaver, 1. 2021.
Timevae: A variational auto-encoder for multivariate time
series generation. arXiv preprint arXiv:2111.08095.

Dinh, L.; Sohl-Dickstein, J.; and Bengio, S. 2016. Density
estimation using real nvp. arXiv preprint arXiv:1605.08803.

Esser, P.; Rombach, R.; and Ommer, B. 2021. Taming trans-
formers for high-resolution image synthesis. In Proceedings
of the IEEE/CVF conference on computer vision and pattern
recognition, 12873—-12883.

Fan, X.; Wu, Y.; Xu, C.; Huang, Y.; Liu, W.; and Bian,
J. 2024. MG-TSD: Multi-Granularity Time Series Diffu-
sion Models with Guided Learning Process. arXiv preprint
arXiv:2403.05751.

Feng, S.; Miao, C.; Xu, K.; Wu, J.; Wu, P;; Zhang, Y.; and
Zhao, P. 2023. Multi-scale attention flow for probabilistic
time series forecasting. IEEE Transactions on Knowledge
and Data Engineering.

Feng, S.; Xu, C.; Zuo, Y.; Chen, G.; Lin, F.; and XiaHou,
J. 2022. Relation-aware dynamic attributed graph attention
network for stocks recommendation. Pattern Recognition,
121: 108119.

Gasthaus, J.; Benidis, K.; Wang, Y.; Rangapuram, S. S.; Sali-
nas, D.; Flunkert, V.; and Januschowski, T. 2019. Probabilis-
tic forecasting with spline quantile function RNNs. In The
22nd international conference on artificial intelligence and
statistics, 1901-1910. PMLR.

Gray, R. 1984. Vector quantization. IEEE Assp Magazine,
1(2): 4-29.

Isola, P.; Zhu, J.-Y.; Zhou, T.; and Efros, A. A. 2017. Image-
to-image translation with conditional adversarial networks.
In Proceedings of the IEEE conference on computer vision
and pattern recognition, 1125-1134.

Jin, M.; Koh, H. Y.; Wen, Q.; Zambon, D.; Alippi, C.;
Webb, G. L; King, I.; and Pan, S. 2023. A survey on
graph neural networks for time series: Forecasting, classi-
fication, imputation, and anomaly detection. arXiv preprint
arXiv:2307.03759.

753

Kim, T.; Kim, J.; Tae, Y.; Park, C.; Choi, J.-H.; and Choo, J.
2021. Reversible instance normalization for accurate time-
series forecasting against distribution shift. In International
Conference on Learning Representations.

Kingma, D. P.; and Welling, M. 2013. Auto-encoding varia-
tional bayes. arXiv preprint arXiv:1312.6114.

Kollovieh, M.; Ansari, A. F.; Bohlke-Schneider, M.;
Zschiegner, J.; Wang, H.; and Wang, Y. 2023. Predict, refine,
synthesize: Self-guiding diffusion models for probabilistic
time series forecasting. arXiv preprint arXiv:2307.11494.

Kollovieh, M.; Ansari, A. F.; Bohlke-Schneider, M.;
Zschiegner, J.; Wang, H.; and Wang, Y. B. 2024. Predict,
refine, synthesize: Self-guiding diffusion models for proba-
bilistic time series forecasting. Advances in Neural Informa-
tion Processing Systems, 36.

Lai, G.; Chang, W.-C.; Yang, Y.; and Liu, H. 2018. Modeling
long-and short-term temporal patterns with deep neural net-
works. In The 41st international ACM SIGIR conference on
research & development in information retrieval, 95-104.

Lee, D.; Malacarne, S.; and Aune, E. 2023. Vector Quan-
tized Time Series Generation with a Bidirectional Prior
Model. arXiv preprint arXiv:2303.04743.

Li, Y.; Chen, W.; Hu, X.; Chen, B.; Zhou, M.; et al. 2024.
Transformer-Modulated Diffusion Models for Probabilistic
Multivariate Time Series Forecasting. In The Twelfth Inter-
national Conference on Learning Representations.

Li, Y;; Lu, X.; Wang, Y.; and Dou, D. 2022. Generative time
series forecasting with diffusion, denoise, and disentangle-
ment. Advances in Neural Information Processing Systems,
35:23009-23022.

Liu, C.; Hoi, S. C.; Zhao, P.; and Sun, J. 2016. Online arima
algorithms for time series prediction. In Proceedings of the
AAAI conference on artificial intelligence, volume 30.

Liu, Y.; Hu, T.; Zhang, H.; Wu, H.; Wang, S.; Ma, L.;
and Long, M. 2023. itransformer: Inverted transformers

are effective for time series forecasting. arXiv preprint
arXiv:2310.06625.

Liu, Y.; Wu, H.; Wang, J.; and Long, M. 2022. Non-
stationary transformers: Exploring the stationarity in time
series forecasting. Advances in Neural Information Process-
ing Systems, 35: 9881-9893.

Matheson, J. E.; and Winkler, R. L. 1976. Scoring rules for
continuous probability distributions. Management science,
22(10): 1087-1096.

Nie, Y.; Nguyen, N. H.; Sinthong, P.; and Kalagnanam, J.
2022. A time series is worth 64 words: Long-term forecast-
ing with transformers. arXiv preprint arXiv:2211.14730.
Qiu, M.; Zhao, P.; Zhang, K.; Huang, J.; Shi, X.; Wang, X.;
and Chu, W. 2017. A short-term rainfall prediction model
using multi-task convolutional neural networks. In 2017
IEEE international conference on data mining (ICDM),
395-404. IEEE.

Rao, H.; Li, Y.; and Miao, C. 2022. Revisiting k-
reciprocal distance re-ranking for skeleton-based person re-
identification. IEEE Signal Processing Letters, 29: 2103—
2107.



Rao, H.; Xu, S.; Hu, X.; Cheng, J.; and Hu, B. 2021. Multi-
Level Graph Encoding with Structural-Collaborative Rela-
tion Learning for Skeleton-Based Person Re-Identification.
In Zhou, Z.-H., ed., Proceedings of the Thirtieth Interna-
tional Joint Conference on Artificial Intelligence, IICAI-21,
973-980. International Joint Conferences on Artificial Intel-
ligence Organization. Main Track.

Rasul, K.; Bennett, A.; Vicente, P.; Gupta, U.; Ghonia, H.;
Schneider, A.; and Nevmyvaka, Y. 2023. VQ-TR: Vector
Quantized Attention for Time Series Forecasting. In The
Twelfth International Conference on Learning Representa-
tions.

Rasul, K.; Bennett, A.; Vicente, P.; Gupta, U.; Ghonia, H.;
Schneider, A.; and Nevmyvaka, Y. 2024. VQ-TR: Vector
Quantized Attention for Time Series Forecasting. In The
Twelfth International Conference on Learning Representa-
tions.

Rasul, K.; Seward, C.; Schuster, 1.; and Vollgraf, R. 2021.
Autoregressive denoising diffusion models for multivariate
probabilistic time series forecasting. In International Con-
ference on Machine Learning, 8857-8868. PMLR.

Rasul, K.; Sheikh, A.-S.; Schuster, I.; Bergmann, U.; and
Vollgraf, R. 2020. Multivariate probabilistic time series fore-
casting via conditioned normalizing flows. arXiv preprint
arXiv:2002.06103.

Salinas, D.; Bohlke-Schneider, M.; Callot, L.; Medico, R.;
and Gasthaus, J. 2019. High-dimensional multivariate fore-
casting with low-rank gaussian copula processes. Advances
in neural information processing systems, 32.

Salinas, D.; Flunkert, V.; Gasthaus, J.; and Januschowski, T.
2020. DeepAR: Probabilistic forecasting with autoregres-
sive recurrent networks. International Journal of Forecast-
ing, 36(3): 1181-1191.

Sezer, O. B.; Gudelek, M. U.; and Ozbayoglu, A. M. 2020.
Financial time series forecasting with deep learning: A sys-
tematic literature review: 2005-2019. Applied soft comput-
ing, 90: 106181.

Shen, L.; and Kwok, J. 2023. Non-autoregressive Condi-
tional Diffusion Models for Time Series Prediction. arXiv
preprint arXiv:2306.05043.

Tashiro, Y.; Song, J.; Song, Y.; and Ermon, S. 2021. Csdi:
Conditional score-based diffusion models for probabilistic
time series imputation. Advances in Neural Information

Processing Systems, 34: 24804-24816.

Wu, H.; Xu, J.; Wang, J.; and Long, M. 2021. Autoformer:
Decomposition transformers with auto-correlation for long-
term series forecasting. Advances in Neural Information
Processing Systems, 34: 22419-22430.

Wu, S.; Xiao, X.; Ding, Q.; Zhao, P.; Wei, Y.; and Huang,
J. 2020. Adversarial sparse transformer for time series fore-

casting. Advances in neural information processing systems,
33:17105-17115.

Yoon, J.; Jarrett, D.; and Van der Schaar, M. 2019. Time-
series generative adversarial networks. Advances in neural
information processing systems, 32.

754

Zheng, C.; Vuong, T.-L.; Cai, J.; and Phung, D. 2022. Movq:
Modulating quantized vectors for high-fidelity image gener-
ation. Advances in Neural Information Processing Systems,

35:23412-23425.

Zhicheng, C.; SHIBO, F.; Zhang, Z.; Xiao, X.; Gao, X.; and
Zhao, P. 2024. SDformer: Similarity-driven Discrete Trans-
former For Time Series Generation. In The Thirty-eighth
Annual Conference on Neural Information Processing Sys-
tems.

Zhou, T.; Niu, P.; Sun, L.; Jin, R.; et al. 2023. One fits
all: Power general time series analysis by pretrained Im.

Advances in neural information processing systems, 36:
43322-43355.



