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Abstract—Traffic flow forecasting requires model-
ing temporal dynamics and inter-sensor interactions.
Recent work reuses pretrained backbones for spatio-
temporal prediction, but serializing sensors as tokens
and applying decoder-style causal attention can couple
inherently order-free spatial interactions to an arbi-
trary token order, inducing order bias. We propose
VaT-BERT, an adaptation framework that repurposes
a pretrained bidirectional encoder, DistilBERT, for
traffic forecasting via a node-as-token representation
and non-causal self-attention to capture global inter-
node dependencies with reduced sensitivity to node or-
der. To improve token quality and stability, we perform
variational tokenization by pretraining a Temporal
variational autoencoder (VAE) on per-node historical
segments and feeding continuous latent tokens to the
encoder. We further introduce correlation-prior-guided
contrastive regularization to inject long-range correla-
tion structure and stabilize node representations under
global attention. Experiments on PEMS03/04/07/08
achieve the best MAE on all four datasets and the best
RMSE on three datasets, while remaining competitive
in MAPE; ablation and robustness results on PEMS04
further support the contribution of each component.

Index Terms—traffic flow forecasting, spatio-
temporal forecasting, pretrained transformers,
bidirectional encoder, variational autoencoder,
contrastive learning

I. Introduction
Accurate traffic flow forecasting is a core capability

of intelligent transportation systems (ITS), supporting
congestion management, route planning, and mobility
scheduling. Over the past decade, traffic forecasting mod-
els have evolved from purely temporal modeling to explicit
spatio-temporal coupling. Spatio-temporal graph neural
networks represent sensors as graph nodes and learn spa-
tial dependencies together with temporal dynamics via
graph convolution or attention. Representative examples
include ASTGCN, which introduces spatio and tempo-
ral attention to capture dynamic dependencies [1], and
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Fig. 1. Motivation on node interaction patterns. Causal (masked)
self-attention couples interactions to an arbitrary token order,
whereas non-causal self-attention enables global interactions among
all node tokens. We instantiate the non-causal backbone with a pre-
trained bidirectional encoder (DistilBERT). This figure is conceptual
and not the model architecture.

Graph WaveNet, which alleviates the limitation of fixed
graph structures through adaptive dependency modeling
[2]. Transformer-based approaches (e.g., GMAN [3], STTN
[4]) model extended dependencies, with subsequent works
focusing on decoupled spatial-temporal relations [5], [6].
Overall, these advances highlight the importance of flexi-
ble, global inter-node interaction modeling, and motivate
exploring more general-purpose sequence backbones for
traffic forecasting.

Motivated by strong pretrained Transformer represen-
tations, recent work reuses such backbones for time-series
and traffic forecasting [7]–[9]. We focus on adapting a
general-purpose pretrained encoder for traffic forecasting,
rather than traffic-domain pretraining [10], [11].

As illustrated in Fig. 1, adapting pretrained Transform-
ers to traffic networks faces three practical issues: (i) spatio
tokens are order-free, whereas decoder-only backbones
impose a fixed 1-D ordering with causal masks, inducing
order-coupled interaction biases; (ii) noisy or anomalous
measurements (e.g., sensor drift) can make tokens from
simple linear projections unstable [12]; (iii) global self-
attention, without structural inductive biases, may overfit
spurious correlations or yield overly diffuse dependencies,
harming generalization [13].

To bridge pretrained encoders with traffic-network mod-
eling, we propose VaT-BERT, which uses Node-as-Token
and forms a closed loop of (1) a pretrained bidirectional
backbone (DistilBERT) for order-robust global inter-node
interaction, (2) Variational Tokenization via a Temporal



VAE that maps per-node history into a smoother latent
space and feeds deterministic latent tokens for stable
continuous inputs, and (3) correlation-prior-guided con-
trastive regularization that injects long-range structural
cues to stabilize representation geometry under global
attention. The VaT-BERT project repository is publicly
available at https://github.com/ther7777/VaT-BERT.

II. Methodology
A. Problem setup

We consider a traffic network with N sensors (nodes).
At each time step t, we form a node-wise feature matrix

Xt ∈ RN×C (1)

where each row corresponds to one node and C = 3
includes (i) traffic flow, (ii) normalized time-of-day st ∈
[0, 1), and (iii) day-of-week index wt ∈ {0, . . . , 6}. Let v

(i)
t

denote the flow value of node i at time t.
Given a history length H and prediction horizon P , the

input window is

Xt−H+1:t =
[
Xt−H+1, . . . ,Xt

]
∈ RH×N×C (2)

and the forecasting target is

Yt+1:t+P =
[
vt+1, . . . , vt+P

]
∈ RP×N (3)

The model learns Ŷt+1:t+P = fΘ(Xt−H+1:t).
VaT-BERT performs value tokenization using only the

flow channel. Specifically, for each node i, we extract its
length-H flow segment v(i)

t−H+1:t = [v
(i)
t−H+1, . . . , v

(i)
t ] ∈

RH . The time-of-day and day-of-week channels are not fed
into the value encoder. Instead, we take the time context
at the end of the input window (time t) and use (st, wt)
to index a periodic embedding table that is shared by all
node tokens.

B. VaT-BERT
VaT-BERT adopts Node-as-Token by treating each

node as one token. At each forecasting time t, we compress
the length-H flow history of every node into a single token,
producing a length-N token sequence per sample. This
design aligns traffic forecasting with pretrained bidirec-
tional encoders, whose strength lies in modeling global
interactions over token sequences.

Each node token is constructed by a two-stream en-
coder: a value stream that tokenizes the node historical
flow segment with a pretrained Temporal VAE encoder,
and a temporal stream that injects periodic context via
time-of-day and day-of-week embeddings. The fused node-
token sequence is then processed by a bidirectional pre-
trained encoder to model global inter-node interactions.
A lightweight prediction head outputs P -step forecasts.
As illustrated in Fig. 2, the overall pipeline consists of
the two-stream node tokenization, a bidirectional global-
interaction backbone, and a lightweight prediction head.

a) Value stream (Temporal VAE tokenizer): For sam-
ple b and node i, the Temporal variational autoencoder
(VAE) encoder maps the length-H flow segment v(b,i)

t−H+1:t

to a diagonal Gaussian posterior(
µ

(b,i)
t , logσ2(b,i)

t

)
= Eϕ

(
v(b,i)
t−H+1:t

)
(4)

where µ
(b,i)
t ∈ Rd and logσ2(b,i)

t ∈ Rd, and d is the token
(latent) dimension.

In downstream forecasting, we use the posterior mean
as a deterministic value token

e(b,i)val,t = µ
(b,i)
t ∈ Rd (5)

which avoids sampling noise and yields stable, repro-
ducible token representations.

b) Temporal stream (joint periodic embeddings): We
learn a joint embedding table

T ∈ RDdow×Dtod×d (6)

where Dtod is the number of time-of-day bins and Ddow =
7 is the number of day-of-week categories.

Let u
(b)
t =

⌊
s
(b)
t ·Dtod

⌋
and w

(b)
t ∈ {0, . . . , Ddow − 1}.

The temporal embedding is

e(b)tmp,t = T
[
w

(b)
t , u

(b)
t

]
∈ Rd (7)

Since s
(b)
t and w

(b)
t are shared across nodes at time t, this

embedding is duplicated across node tokens within the
same sample.

c) Two-stream fusion and bidirectional encoding: For
sample b and node i, we fuse two embeddings and project
to the DistilBERT hidden size dplm

z(b,i)t = Wf Concat
(

e(b,i)val,t, e
(b)
tmp,t

)
+ bf ∈ Rdplm (8)

Stacking over nodes forms a length-N token sequence
that is fed into the DistilBERT encoder PLM(·) via in-
puts_embeds.

Ht = PLM(Zt) ∈ RB×N×dplm (9)

Pretrained language models use positional embeddings
to provide token identity and break permutation symme-
try in self-attention. In our setting, the length-N token
sequence corresponds to node indices rather than word
order. To provide a consistent identity anchor for each
node token, we replace the positional embedding table
with a length-N node index embedding table. Unless
stated otherwise, the node index embeddings are randomly
initialized with the pretrained model initializer and kept
frozen in Stage II.

We further adapt DistilBERT with low-rank adaptation
(LoRA) modules inserted into the query and value pro-
jections of self-attention blocks (q_lin and v_lin), while
keeping the original pretrained weights frozen. This pre-
serves pretrained bidirectional interaction modeling and
enables lightweight task adaptation.
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Fig. 2. Overview of VaT-BERT. (Left) Pretraining the Temporal VAE. (Right) Constructing two-stream node tokens and fine-tuning with
correlation-guided contrastive regularization.

d) Prediction head: For sample b and node i, a
node-wise head gθ maps Ht[b, i] to the P -step forecast
v̂(b,i)
t+1:t+P ∈ RP .

C. Training objectives
We train VaT-BERT in two stages. Stage 1 pretrains

the Temporal VAE on length-H flow segments. Stage 2
fine-tunes the forecasting model end-to-end, including the
VAE encoder with a smaller learning rate, while training
the fusion projector, temporal embedding table, LoRA
modules, and the prediction head.

a) Temporal VAE pretraining: We pretrain the Tem-
poral VAE encoder on length-H flow segments. For a
node segment v ∈ RH , the encoder outputs a diagonal
Gaussian posterior qϕ(z | v) = N (µ, diag(σ2)). We op-
timize a reconstruction term together with a variational
regularizer to encourage a smooth and robust latent space,
using a free-bits-style KL floor to avoid an overly small
KL term. During VAE pretraining only, we additionally
apply dropout noise to the input segment and to the
sampled latent vector to improve robustness; these noises
are disabled in downstream forecasting.

The VAE objective is

Lvae = Lrec + β · Lkl (10)

where Lrec is the reconstruction term and Lkl is a KL
regularizer with floor λkl. Optimization details are given
in Sec. III-A.

b) Supervised forecasting loss: We define the forecast-
ing loss on the inverse-transformed physical scale. Let S be
the StandardScaler fitted on the training split of the flow

channel and S−1 its inverse. We use mean absolute error
(MAE) as the supervised objective, where v̂

(b)
t+p,i and v

(b)
t+p,i

denote the predicted and ground-truth flows, respectively.

Lpred =
1

BPN

B∑
b=1

P∑
p=1

N∑
i=1

∣∣∣S−1
(
v̂
(b)
t+p,i

)
− v

(b)
t+p,i

∣∣∣ (11)

c) Correlation-prior-guided contrastive regulariza-
tion: We add a correlation-prior-guided contrastive
learning (CL) regularizer Lcl weighted by λcl. We
precompute a Pearson correlation matrix C ∈ RN×N

using the training split only. For node i, we define
positives as the top-K correlated nodes excluding itself
and negatives as the bottom-M correlated nodes excluding
itself

P(i) = TopK
(
Ci,:\{i}

)
Nneg(i) = BottomM

(
Ci,:\{i}

)
(12)

Given contextualized embeddings Ht ∈ RB×N×dplm , de-
fine u(b,i)

t = Ht[b, i] as the representation of node i in sam-
ple b. We use dot-product similarity s

(b)
i,j = ⟨u(b,i)

t , u(b,j)
t ⟩.

For each anchor i, we aggregate multi-positives by the
mean embedding

ū(b,i)
t =

1

|P(i)|
∑

j∈P(i)

u(b,j)
t ∈ Rdplm (13)

and define s
(b)

i,̄i
= ⟨u(b,i)

t , ū(b,i)
t ⟩. This objective in-

creases the relative similarity between each anchor and
its correlated positives while decreasing similarity to hard
negatives, enforcing a correlation-consistent geometry in



TABLE I
Traffic forecasting results on four benchmarks (MAE / RMSE / MAPE(%)), averaged over all horizons.

Model PEMS03 PEMS04 PEMS07 PEMS08

MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

Conventional baselines
LSTM 20.62 33.54 28.94 26.81 40.74 22.33 29.71 45.32 14.14 22.19 33.59 18.74
ASTGCN 17.85 29.88 17.65 22.42 34.75 15.87 25.98 39.65 11.84 18.86 28.55 12.50
AGCRN 15.98 28.25 15.23 19.83 32.26 12.97 22.37 36.55 9.12 15.95 25.22 10.09
SSTBAN 15.90 26.11 17.27 18.88 31.10 12.56 20.17 33.45 8.93 14.39 24.19 10.06
PDFormer 14.74 25.59 15.35 18.31 29.97 12.10 19.83 32.87 8.53 13.58 23.51 9.05
iTransformer 19.48 31.20 17.84 22.56 35.21 16.29 24.70 37.91 11.40 20.05 31.90 11.99

PLM/LLM-based baselines

OFA 20.96 33.43 19.11 27.37 42.99 17.97 30.53 47.51 12.98 21.89 34.63 13.30
STGLLM 15.26 24.11 15.73 20.00 32.11 13.69 21.98 35.02 9.72 15.53 24.74 10.15
ST-LLM 17.25 27.25 22.96 19.00 30.35 13.55 21.48 34.07 10.20 14.67 23.50 10.63
STD-PLM 14.59 25.36 14.92 18.16 30.21 11.89 19.25 32.84 8.06 13.31 23.19 8.84

VaT-BERT (ours) 14.41 25.79 14.54 17.96 29.56 12.05 19.13 32.48 8.08 13.29 23.01 8.80

the representation space. We minimize an InfoNCE (con-
trastive) loss with hard negatives Nneg(i)

Z
(b)
i = exp

(
s
(b)

i,̄i
/τ

)
+

∑
k∈Nneg(i)

exp
(
s
(b)
i,k/τ

)
(14)

Lcl = − 1

BN

B∑
b=1

N∑
i=1

log
exp

(
s
(b)

i,̄i
/τ

)
Z

(b)
i

(15)

where τ is the temperature. The downstream objective is

L = Lpred + λcl Lcl (16)

III. Experiments
A. Experimental setup

This section describes the evaluation protocol, baselines,
and implementation details under a consistent and repro-
ducible setting.

a) Datasets, metrics, and baselines: We evaluate
on four traffic benchmarks (PEMS03/04/07/08) with
358/307/883/170 nodes, using train/validation/test split
6:2:2 and H = 12 → P = 12 forecasting. We report MAE,
RMSE, and MAPE averaged over all horizons. Baselines
include classical models (LSTM), STGNNs (ASTGCN,
AGCRN, SSTBAN, PDFormer, iTransformer), and PLM-
based methods (OFA, ST-LLM, STGLLM, STD-PLM).
We report three standard forecasting metrics: mean abso-
lute error (MAE), root mean squared error (RMSE), and
mean absolute percentage error (MAPE). Unless otherwise
stated, we average the errors over all prediction horizons.

b) Baselines: To cover representative families of traf-
fic forecasting methods, we include classical sequence mod-
els (LSTM) [14], spatio-temporal graph models (AST-
GCN [1], AGCRN [15]), recent strong spatio-temporal
Transformer/STGNN baselines (SSTBAN [16], PDFormer
[6], iTransformer [7]), and PLM/LLM-inspired forecasting
baselines (OFA [17], ST-LLM [8], STGLLM [18]), with
STD-PLM [9] as a strong PLM-based reference. For fair
comparison under a consistent protocol, we follow the

same dataset splits and the 12 → 12 forecasting setting.
Unless otherwise specified, the baseline results in Table I
are directly cited from STD-PLM [9], where these methods
are evaluated under the same split and protocol.

c) Implementation details: Results are averaged over
five seeds. We use DistilBERT with LoRA (rank r = 32,
α = 16, dropout 0.1) applied to query and value projec-
tions. Node-index embeddings replace positional embed-
dings and are kept frozen. Token dimension d = 256;
temporal stream uses joint periodic embeddings with
Dtod = 288.

Stage I: The Temporal VAE uses a two-block 1D CNN
encoder (1→ 16→ 32 channels) mapping flow history to
(µ, logσ2). Pretrained on pooled PEMS data with Lvae =
Lrec + β · E[max(λkl,Lkl)] using DropToken/DropLatent
rate 0.1, β = 0.01, λkl = 0.5.

Stage II: Fine-tune with ρvae = 0.2, up to 300 epochs
with early stopping. Contrastive regularization uses K =
1, M = 16, τ = 0.2, λcl = 0.1.

B. Main results
We benchmark VaT-BERT against diverse baselines

under the standard 12 → 12 protocol. As summarized
in Table I, VaT-BERT achieves the lowest MAE on
all four datasets and yields the best RMSE on three
datasets (PEMS04/07/08). For MAPE, VaT-BERT is best
on PEMS03 and PEMS08, and is within 0.16 and 0.02
absolute MAPE of the best method on PEMS04 and
PEMS07, respectively.

Against the strong PLM baseline STD-PLM, VaT-
BERT reduces MAE/RMSE from 18.16/30.21 to
17.96/29.56 on PEMS04 and from 19.25/32.84 to
19.13/32.48 on PEMS07; on PEMS08, it also improves
all three metrics (13.29/23.01/8.80 vs. 13.31/23.19/8.84).
Compared with spatio-temporal baselines such as
PDFormer and SSTBAN, VaT-BERT also shows
consistent advantages, especially on PEMS04/07/08.
In contrast, time-only sequence models (LSTM,
iTransformer) and general sequence-to-sequence baselines



TABLE II
Ablation on backbone choice (bidirectional vs. causal) and

pretraining (PEMS04). Abbrev.: w/o = without; freeze PLM
= freezing pretrained encoder. Best is highlighted in the

main block.

Setting MAE RMSE MAPE(%)

VaT-BERT (DistilBERT, pretrained) 17.96 29.56 12.05
GPT2-causal (12L) 18.66 30.45 12.58
GPT2-causal (6L) 19.50 31.54 13.29
w/o pretrain (rand init) 18.40 29.77 12.59
freeze PLM (train others) 18.25 30.10 12.16
Keep original positional embeddings 18.14 29.78 12.20

Node perm.: VaT-BERT 17.95 29.57 12.05
Node perm.: GPT2-causal (6L) 19.71 31.67 13.67

TABLE III
Ablation on VAE-based tokenization and the two-stream

design (PEMS04). Abbrev.: cap-match = using a
deterministic CNN value encoder with a matched

convolutional structure and output dimension to the VAE
encoder’s µ-path. Best is highlighted.

Setting MAE RMSE MAPE(%)

VaT-BERT 17.96 29.56 12.05
CNN value encoder (cap-match) 18.01 29.63 12.16
w/o temporal stream 18.36 29.75 12.36
Temporal-only (w/o value stream) 24.22 40.43 16.25

(OFA) yield substantially larger errors, indicating that
accurate traffic forecasting benefits from explicit inter-
node interaction modeling rather than relying on temporal
correlations alone.

C. Ablation studies
1) Bidirectional backbone and pretraining: Table II

shows that replacing the bidirectional encoder with a
causal decoder degrades all metrics, and node permutation
results indicate VaT-BERT is substantially less sensitive
to node order (MAE 17.96→17.95) than GPT2-causal
(6L) (MAE 19.50→19.71). This suggests that imposing
a left-to-right causal mask under an arbitrary node se-
rialization introduces an order-coupled directional con-
straint on cross-node information flow. Random initializa-
tion leads to a clear performance drop, indicating that
adapting a pretrained backbone is more effective than
learning from scratch. Freezing the pretrained encoder
also reduces performance, showing that parameter-efficient
backbone adaptation contributes beyond optimizing sur-
rounding components. Replacing original positional em-
beddings with node index embeddings further improves
performance.

2) Variational tokenization and two-stream inputs:
Table III evaluates the contribution of each input stream
and the effect of VAE-based tokenization. Removing the
value stream (Temporal-only) results in a large perfor-
mance drop, suggesting that per-node historical flow seg-
ments provide the primary predictive signal. Removing
the temporal stream also hurts performance, indicating
that explicit time-of-day and day-of-week context provides
additional conditioning information. Replacing the pre-
trained VAE tokenizer with a deterministic CNN yields

TABLE IV
Representative PEMS04 MAE under correlation-guided

contrastive regularization. All nonzero-CL settings
outperform the w/o CL baseline.

Setting MAE

w/o CL 18.10
K = 1, M = 8, λcl = 0.10 17.95
K = 4, M = 32, λcl = 0.10 17.98
K = 1, M = 16, λcl = 0.05 18.01
K = 1, M = 16, λcl = 0.10 17.95
K = 1, M = 16, λcl = 0.30 17.95

worse performance, suggesting that VAE-based tokeniza-
tion provides more stable representations. This robustness
tendency also appears under additive Gaussian perturba-
tions. Compared with the cap-matched CNN encoder, the
VAE tokenizer yields lower MAE/RMSE at both σ = 0.1
(18.23/29.86 vs. 18.34/29.99) and σ = 0.2 (18.68/30.46 vs.
18.77/30.64), suggesting that the variational latent space
better tolerates noisy sensor inputs.

3) Correlation-prior-guided contrastive regularization:
As shown in Table IV, representative settings across dif-
ferent positive/negative sampling choices and contrastive
weights all improve over the w/o CL baseline. The MAE
varies only within a narrow range, supporting that the con-
trastive term is beneficial without delicate hyperparameter
tuning. We use (K,M) = (1, 16) and λcl = 0.1 as practical
defaults.

IV. Related Work
Spatio-temporal forecasting commonly models sensors

as nodes and learns spatial dependencies jointly with
temporal dynamics. Typical baselines include STGNNs
such as ASTGCN and Graph WaveNet, while more recent
attention-based models such as GMAN and PDFormer
strengthen long-range interaction modeling [1]–[3], [6].
Pretraining has been explored to provide transferable
representations for traffic forecasting, including traffic-
domain masked modeling [10] and general masked time-
series pretraining [11]; in contrast, our goal is to adapt
a general-purpose pretrained encoder without relying on
traffic-specific pretraining. VAE-based methods have been
used for traffic imputation and compact latent represen-
tation learning [19], [20], while contrastive learning has
been adopted to improve spatio-temporal representations
through more structure-aware objectives [21], [22]. Our
method combines these directions by using a VAE as a
tokenizer for stable node representations and by injecting
correlation-aware supervision into a pretrained bidirec-
tional backbone.

V. Conclusion
VaT-BERT adapts a pretrained bidirectional encoder

for inter-node modeling with variational tokenization and
correlation-prior-guided contrastive regularization. Eval-
uated on PEMS03/04/07/08, VaT-BERT achieves the
best MAE on all four datasets and the best RMSE on
three datasets, while ablations confirm the contribution



of each design choice. Ablations further show that non-
causal bidirectional attention reduces node-order sensitiv-
ity, while the VAE tokenizer and temporal stream provide
complementary gains. The correlation-guided contrastive
term remains stable across tested sampling choices and
weights, making the method practical to tune.
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