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Abstract—Accurate traffic flow forecasting is a cornerstone
of Intelligent Transportation Systems (ITS). Although advanced
parametric models have achieved significant progress, they en-
counter two critical bottlenecks: (i) optimization bias, where
models prioritize routine patterns to minimize global error, ren-
dering them inadequate in capturing sharp fluctuations; and (ii) a
persistent long-tail error distribution, where a minority of ‘“hard
samples” contribute the bulk of the overall prediction error. To
address these issues, we propose STAR?, a novel Spatio-Temporal
Adaptive Retrieval and Refinement framework. Our architecture
integrates a coarse-to-fine two-stage retrieval strategy that re-
duces computational complexity from O(N-M) to O(M+N-K,)
to ensure real-time efficiency, an error estimator that quantifies
backbone uncertainty via high-level spatio-temporal embeddings,
and an adaptive refiner that dynamically fuses historical patterns
with a frozen backbone to prevent blind refinement. Extensive
evaluations on six real-world datasets indicate that STAR? yields
outstanding predictive capabilities, notably for hard samples,
while promoting higher computational efficiency to facilitate
robust forecasting in complex road networks.

Index Terms—Traffic prediction, Spatio-temporal Transformer,
Retrieval-augmented

I. INTRODUCTION

Accurate traffic flow prediction is a pivotal task in In-
telligent Transportation Systems (ITS). With the explosive
growth of large-scale traffic data, data-driven approaches have
gradually superseded traditional statistical models, such as
ARIMA [1], becoming the dominant paradigm in this field.
In the early stages of deep learning deployment, researchers
primarily employed hybrid architectures to capture spatio-
temporal correlations. A common practice involved utilizing
Graph Neural Networks (GNNs) to model road network
topology, combined with Recurrent Neural Networks (RNNs)
or Temporal Convolutional Networks (TCNs) [2] to capture
temporal dynamics. Representative works include DCRNN
[3], which utilizes diffusion convolution to capture spatial
dependencies, and Graph WaveNet [4], which introduces an
adaptive adjacency matrix to learn latent spatial structures.
Recently, Transformer-based architectures have established
State-of-the-Art (SOTA) status, leveraging the powerful self-
attention mechanism [5] to demonstrate superior performance
in modeling long-range spatio-temporal dependencies. Models
such as PDFormer [6] and STAEformer [7] have achieved
remarkable prediction accuracy on mainstream benchmarks
by designing sophisticated spatio-temporal embeddings and
attention layers.
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(a) Visualization of over-smoothing by the STAEformer backbone on
typical long-tail difficult samples (PEMS04 node 209).
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(b) Long-tail error distribution on METR-LA.

Fig. 1: Statistical and empirical analysis of prediction failures
in traffic forecasting.

Despite the impressive performance of these Transformer-
based models, they encounter non-trivial limitations in prac-
tical applications. First, these models are susceptible to op-
timization bias. Since training objectives (e.g., MAE or
MSE) are typically calculated over the entire dataset, models
prioritize fitting dominant, routine patterns to minimize global
error [8]. Consequently, when encountering “hard samples”
such as sudden congestion [9], accidents, or extreme weather
conditions, the model predictions often exhibit over-smoothing
[10], failing to capture drastic traffic fluctuations (as shown
in Fig. 1(a)). Second, compressing historical information into
fixed parameters creates a memory bottleneck [11]. This
hinders the model’s ability to generalize to rare, long-tail



patterns, as it lacks a mechanism to explicitly retrieve relevant
historical contexts. Our empirical analysis on the METR-LA
dataset, illustrated in Fig. 1(b), underscores the severity of
this issue: in METR-LA, the top 7.8% of “hard samples”
contribute to 50% of the total error. This indicates that these
edge cases effectively bottleneck the further improvement of
SOTA models.

To this end, we propose STAR? (Spatio-Temporal Adaptive
Retrieval and Refinement Transformer for Traffic Prediction),
a novel retrieval-augmented framework designed to explicitly
leverage historical data for correcting prediction bias. To ad-
dress the computational challenges of retrieving from massive
databases, we design a coarse-to-fine two-stage retrieval
strategy that ensures real-time efficiency. Furthermore, we
introduce an uncertainty-aware adaptive refiner, allowing
the model to selectively “recall” precise historical results when
encountering hard samples. By synergizing the generalization
capabilities of deep learning with specific references from
external memory, our approach achieves performance gains
and effectively alleviates the bottlenecks faced by existing
SOTA models.The code is available at https://github.com/
Ikkio/STAR2.

II. RELATED WORK
A. Spatio-temporal Traffic Forecasting

Traffic forecasting, a cornerstone of Intelligent Transporta-
tion Systems (ITS), aims to predict future traffic states (e.g.,
speed, flow) based on historical observations. Existing method-
ologies have evolved from statistical models to deep learning-
based architectures.

Early research primarily relied on statistical methods such
as ARIMA [1] and its variants, VAR, and Kalman Filtering.
These methods struggle to capture complex non-linear spatio-
temporal dependencies. With the advent of deep learning,
researchers began leveraging CNNs and RNNs for traffic data
[3], [4], [9]. For instance, ST-ResNet [12] partitions cities into
grids and employs CNNs to capture spatial correlations, while
FC-LSTM [13] utilizes Long Short-Term Memory networks
to handle temporal dependencies. However, these methods are
often restricted to Euclidean space, failing to account for the
complex non-Euclidean topology of road networks [14].

Recently, Transformer-based architectures have dominated
the field due to their advantages in capturing long-range
global dependencies. Initial efforts focused on dynamic spatio-
temporal modeling; for instance, Traffic Transformer [15] first
applied multi-head attention to traffic tasks, while GMAN
[16] advanced this by designing dedicated spatial and tem-
poral blocks. To better integrate underlying road topologies,
ASTGNN [17] combined dynamic graph convolutions with
attention mechanisms. Moving beyond general correlations,
subsequent research began to incorporate intrinsic physical
properties and data heterogeneity: PDFormer [6] introduced
a delay-aware mechanism to account for spatial propagation
lags, and ST-ExpertNet [18] employed a Mixture-of-Experts
(MoE) architecture to handle distribution shifts between week-
days and holidays. As a representative state-of-the-art (SOTA)

model, STAEformer [7] decouples complex spatio-temporal
correlations by learning spatio-temporal adaptive embeddings,
achieving superior accuracy with reduced complexity.

B. Retrieval-Augmented Methods

Retrieval-Augmented Generation (RAG) [19], [20] was
originally developed to address hallucinations and memory
bottlenecks [11] in Large Language Models (LLMs) by en-
hancing generation through external knowledge base retrieval.
Inspired by this, the retrieval-augmented paradigm has been
extended to time-series forecasting. Early explorations such
as RATD [21] and RATF [22] attempted to retrieve simi-
lar raw time-series segments or latent features as reference
information, validating the feasibility of utilizing historical
data as “external memory.” PIR [23] proposed an instance-
aware refinement method that, unlike prefix-retrieval, focuses
on identifying hard samples with large biases and retrieving
similar historical sequences to correct the base model’s output.
In the specific domain of spatio-temporal forecasting, RAST
[24] further extends retrieval to spatio-temporal data, repre-
senting the current state-of-the-art.

However, deploying these methods for large-scale real-
time traffic forecasting faces significant obstacles. Current
approaches often ignore spatial topology by treating nodes
independently and rely on exhaustive search strategies with
a prohibitive time complexity of O(N x T'), rendering them
unsuitable for real-time ITS applications [25]. Moreover, they
typically employ a “blind fusion” strategy that indiscriminately
augments all samples—potentially introducing noise into sim-
ple cases—and often necessitate computationally expensive
joint end-to-end training.

III. METHODOLOGY
A. Problem Definition

In this study, we represent the road network as a graph
G = (V,E, A), where V is a set of N nodes and A € RV*¥ g
the adjacency matrix. The traffic forecasting task aims to pre-
dict the future sequence Y € R7evtXNxC given the historical
observations X € RTin*NxC gyer T;,, time steps, where C' is
the number of traffic features. To enhance the prediction, we
construct an external memory M = {(X;, Y;)}}£, containing
M historical input-output pairs.

B. Framework Overview

As illustrated in Figure 2, our proposed STAR? framework
follows a retrieve-and-refine paradigm, which consists of three
main stages:

1) Frozen Backbone Prediction. The input sequence X is
first processed by a frozen pre-trained backbone (i.e.,
STAEformer). This stage generates the initial back-
bone prediction Y, and extracts the high-level spatio-
temporal embedding H, which serves as the context for
error estimation.

2) Two-stage Efficient Retrieval. Simultaneously, we em-
ploy a coarse-to-fine two-stage retrieval strategy to
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Fig. 2: Framework overview.

search the external memory M. By performing hier-
archical matching at both graph and node levels, the
framework efficiently recalls the most relevant historical
ground-truth patterns ),..; as external references while
maintaining real-time forecasting efficiency.

3) Error-Guided Adaptive Refiner. This stage begins by
aligning ),.; via a pattern adapter to eliminate scale
gaps between historical data and the current state. Sub-
sequently, an Adaptive Refiner (built on a Transformer
architecture) captures the deep interactions between Y
and the adapted retrieval patterns to produce a residual
correction A. Meanwhile, an Error Estimator integrates
H, spatio-temporal contexts, and the output features
from the Refiner to quantify backbone uncertainty. This
process generates dynamic weights « and 3, which are
used in a three-way gated fusion mechanism to produce
the final prediction Y finail that specifically compensates
for errors on hard samples.

C. Two-stage Retrieval

To enable efficient and accurate retrieval, we utilize a pre-
trained and frozen STAEformer encoder to extract robust em-
beddings from historical traffic data and construct an external
spatio-temporal memory database M that maps representative
embeddings to historical ground-truth sequences. To facilitate
the coarse-to-fine retrieval process, we design a hierarchical
indexing scheme:

o Graph-level Keys (K,): For each historical sample (T x
N x D), we first apply temporal mean pooling to capture
the evolution trend, followed by spatial mean pooling
to aggregate information across all nodes. This results
in a global vector of shape (1 x D) that represents the
macroscopic traffic state of the entire city at a given time.

o Node-level Keys (K, ): To account for spatial hetero-
geneity, we generate node-specific keys by performing
only temporal mean pooling while preserving the spatial
dimension. This yields a set of vectors of shape (N x D),
where each vector serves as a unique fingerprint for a
specific road segment’s local history.

A basic retrieval approach that calculates similarities be-
tween all query nodes and the entire historical database M
would incur a prohibitive computational cost of O(N x M),
making real-time forecasting infeasible for large-scale road
networks. To address this efficiency bottleneck, we first per-
form a graph-level coarse retrieval to narrow down the search
space. Specifically, the query sequence X ¢,y s transformed
into a query vector g, € R via the frozen encoder followed
by dual-level mean pooling. We then identify the most rele-
vant historical time slices by computing the cosine similarity
between g, and the pre-computed graph-level keys K:

Sy = Sim(q,, Ky)

where the similarity is efficiently calculated via the inner prod-
uct of L2-normalized vectors using FAISS [26]. By selecting
the top-K, indices (K, < M), this stage effectively filters
out irrelevant historical data and reduces the subsequent search
space to a highly concentrated subset of global analogs.
Then, we perform a node-level fine-grained matching within
the K, candidate time slices retrieved in the previous stage.
For each individual node v; € V, we compute the similarity
between its specific query feature g, ; and the corresponding
node-level keys k,, ; stored in the candidate subset:

Sn,i = Slm(Qn,z’ kn,i)

The process yields a customized reference matrix YV,.; €
RToutXNXC “\which serves as the non-parametric basis for the
subsequent adaptive correction module.



This hierarchical strategy shifts the total retrieval complexity
from a product-based O(NN-M) to a summation-based O (M +
N-K,), ensuring real-time inference efficiency for large-scale
networks.

D. Error-Guided Adaptive Refiner

To mitigate the risk of introducing retrieval noise into
simple samples, we propose an Error-Guided Adaptive Refiner.
This module enables instance-aware, on-demand correction by
balancing backbone’s output with retrieved historical patterns.
The core of adaptive refinement lies in accurately identifying
“hard samples” where the backbone is likely to fail.

First, the retrieved pattern ),.; is aligned via a linear
pattern adapter to eliminate distribution gaps. Subsequently,
a Transformer-based refiner captures the deep spatio-temporal
interactions between Yy, and the adapted retrieval patterns
Y24t 16 produce a residual correction A. To quantify fore-
casting uncertainty, we employ a hierarchical error estimator.
It first derives an error estimation by fusing the high-level
spatio-temporal embedding H with the output features from
the refiner through an Error Head. This estimation is then fed
into a Weight Head to be mapped into two node-wise gating
scores, a and 3, via sigmoid activations:

a, B = o(WeightHead (ErrorHead([H; Refiner(-)])))

where « € [0, 1] controls the intensity of the learned residual
correction A, while 5 € [0,1] determines the reliance on
external historical references.

Based on these estimated uncertainties, the final prediction
Y final 1s formulated via a three-way gated fusion mechanism:

Yfinal:(I_B)'Ybb+ﬁ'Yadapt+Oé'A

ret

This mechanism implements a multi-level dynamic trade-
off: for “easy” samples where the backbone exhibits low
uncertainty, the framework preserves the original output to
maintain parametric stability. For “hard” samples such as sud-
den congestion or long-tail events, the refiner adaptively shifts
the focus toward the retrieved historical analogs via 8 while
performing precise compensation via « and A, effectively
correcting the backbone’s bias using non-parametric memory.

E. Optimization Objective

We employ a multi-task objective to jointly optimize fore-
casting accuracy and error estimation. The primary forecasting
loss L,;.q measures the Mean Absolute Error (MAE) between
the final refined prediction Y final and the ground truth Y ;:

1 .
L _ ~final gt
pred Tout < N ; |yt,n yt,n

To supervise the estimator, we define the Quality Loss
L quaqr- Specifically, we define the estimated error R (derived
from the Error Head) and construct a pseudo-label R =
|Ybb—Ygt\ representing the frozen backbone’s empirical error.
The estimator is trained to approximate this residual via Mean
Squared Error (MSE):

L4uat = MSE(R, SG(R))

where SG(+) denotes the stop-gradient operation to ensure the
backbone’s error distribution fixed. The total objective is for-
mulated as £ = Lpreq + ALgual, Where A is a hyperparameter
balancing the two tasks.

Notably, we adopt a parameter-efficient strategy by freez-
ing the pre-trained backbone. Gradients are back-propagated
solely through the pattern adapter, refiner, and error estimator.
This preserves the backbone’s robust representations while
focusing optimization on the adaptive correction mechanism.

IV. EXPERIMENTS
A. Experimental Setup

Datasets. Our model is validated on six real-world traffic
benchmarks: METR-LA, PEMS-BAY (from DCRNN [3]), and
PEMSO03, 04, 07, 08 (from STSGCN [27]). All datasets feature
5-minute sampling intervals (12 frames/hour). Detailed statis-
tics, including sensor counts and time ranges, are presented in
Table I.

TABLE I: Summary of Datasets.

Dataset #Sensors (N)  #Timesteps Time Range
METR-LA 207 34,272 03/2012 - 06/2012
PEMS-BAY 325 52,116 01/2017 - 05/2017

PEMSO03 358 26,209 05/2012 - 07/2012

PEMS04 307 16,992 01/2018 - 02/2018

PEMS07 883 28,224 05/2017 - 08/2017

PEMS08 170 17,856 07/2016 - 08/2016

Baselines. We evaluate our proposed method against several
state-of-the-art baselines representing different architectural
approaches. These include representative Spatio-Temporal
Graph Neural Networks (STGNNs) such as DCRNN [3],
STGCN [9], AGCRN [28], GWNet [4], GTS [29], and MT-
GNN [30]. We also evaluate specialized Transformers (GMAN
[16], PDFormer [6], and STAEformer [7]), which leverage
attention mechanisms and adaptive embeddings to model
spatio-temporal correlations. Finally, we include the efficient
and robust baseline STID [31] for comprehensive comparison.
Metrics. We utilize MAE, RMSE, and MAPE to measure fore-
casting accuracy. Consistent with prior studies, we calculate
the average error across all 12 predicted horizons for PEMS03,
04, 07, and 08. For METR-LA and PEMS-BAY, we report
results at horizons 3, 6, and 12 (i.e., 15, 30, and 60 minutes)
to facilitate comparison with baseline models.
Implementation. Our model is implemented in PyTorch on an
NVIDIA RTX A5000 GPU, with dataset split ratios of 7:1:2
for METR-LA/PEMS-BAY and 6:2:2 for PEMS03/04/07/08.
We set both input and prediction lengths to 12 time steps.
Training is conducted for 100 epochs using the Adam opti-
mizer with a learning rate of 0.001, weight decay of 1 x 1072,
and a batch size of 16, while saving the best model state based
on validation performance. The total loss integrates Masked
MAE with a Quality Loss weighted at 1.0. The architecture
utilizes a 2-layer refiner (dpoder = 64,dysy = 128), and the
retrieval mechanism is configured with k£ = 5, M = 100, and
a 0.1 dropout rate.



TABLE II: Performance on PEMSO03, 04, 07 and 08.

Model PEMS03 PEMS04 PEMS07 PEMS08
MAE RMSE MAPE | MAE RMSE MAPE | MAE RMSE MAPE | MAE RMSE MAPE
DCRNN 1554 2718  15.62% | 19.63 3126 1359% | 21.16 3414  9.02% | 1522 2417 1021%
STGCN 1583 2751  16.13% | 1957 3138  13.44% | 21.74 3527  924% | 1608 2539  10.60%
AGCRN 1524 2665 1589% | 1938 3125  13.40% | 2057 3440 874% | 1532 2441  10.03%
GTS 1541 2615  1539% | 2096 3295  14.66% | 22.15 3510 9.38% | 1649 2608  10.54%
GWNet 1459 2524  1552% | 1853  29.92  12.89% | 2047 3347  8.61% | 1440 2339  921%
MTGNN 1485 2523 14.55% | 19.17 3170  1337% | 2089 3406  9.00% | 1518 2424  10.20%
GMAN 16.87 27.92  1823% | 19.14 3160  13.19% | 2097 3410  9.05% | 1531 2492  10.13%
PDFormer 1494 2539  1582% | 1836  30.03  12.00% | 19.97 3295  855% | 13.58 2341  9.05%
STAEformer 1535 2755  15.18% | 1822 3018  11.98% | 19.14 32.60 8.01% | 1346 2325  8.88%
STID 1533 2740  16.40% | 1838 2995  12.04% | 1961 3279 830% | 1421 2328  927%
STAR? (Ours) | 14.81 2566 15.01% | 17.96 29.83 11.95% | 19.09 3245 7.96% | 1346 23.14  8.86%
TABLE III: Performance on METR-LA and PEMS-BAY. PEMS04 - MAE PEMS04 - RMSE PEMS04 - MAPE
METR-LA Horizon 3 (15 min) | Horizon 6 (30 min) | Horizon 12 (60 min) 183 3049 122
MAE RMSE MAPE | MAE RMSE MAPE | MAE RMSE MAPE g 1821 3024 121 4
DCRNN 267 5.16 6.86% | 3.12 627 842% | 3.54 747 1032%  Sis1 ol
STGCN 275 529 7.10% |3.15 635 8.62%|3.60 743 1035% £ 4,1 007
AGCRN 285 553 7.63%|320 652 9.00%|359 745 1047% @ ° 205 RERY
GTS 275 527 7.12% | 3.14 633 8.62% | 359 744 10.25% 1797 s
GWNet 2.69 5.15 6.99% | 3.08 6.20 8.47% | 3.51 7.28 9.96% Full  w/o EH w/o Ref w/o Ret a Full  w/o EH w/fo Ref w/o Ret Full  w/o EH w/o Ref w/o Ret
MTGNN 269 516 6.89% |3.05 613 8.16% |347 721 9.70%
GMAN 280 555 741%|3.12 649 873% |344 735 10.07% PEMS07 - MAE PEMS07 - RMSE PEMS07 - MAPE
PDFormer | 2.83 545 7.77% | 320 646 9.19% |3.62 747 1091% 19.16 1 5265 1 won
STAEformer | 2.65 5.11 6.85% | 297 6.00 8.13% | 3.34 7.02 9.70% 19141 32,601 ‘
STID 282 553 775%| 319 657 9.39% (355 755 10.95% 3 ieu 3255 1 8.00 1
STAR? 2.63 506 6.82% | 2.94 596 8.11% | 333 699 970% %] 5250 7.98
Horizon 3 (15 min) | Horizon 6 (30 min) | Horizon 12 (60 min) " inon | o > "
orizon min orizon min orizon min
PEMS-BAY |0 F—RMSE MAPE [ MAE RMSE MAPE [ MAE RMSE MAPE 1906 { 8 = 747
DCRNN Q m 273% 165 375 371% 197 460 468% Full w/o EH w/o Ref w/o Ret Full w/o EH w/o Ref w/o Ret Full  w/o EH w/o Ref w/o Ret
STGCN 136 288 2.86% | 1.70 384 3.79% | 2.02 4.63  472% _ _
AGCRN 135 288 291% 167 382 381% 194 450 455% B Full Model M w/o ErrorHead M w/o Refinement B w/o Retrieval
GTS 137 292 285% | 1.72 386 3.88% | 206 460 4.88%
GWNet 130 273 271% | 1.63 373 373% | 199 460 4.71% Fig. 3: Ablation Study on PEMS04 and PEMSO07.
MTGNN 133 280 281% | 1.66 377 375% | 195 450 4.62%
GMAN 135 290 2.87% | 1.65 382 3.74% | 192 449 4.52%
PDFormer | 132 283 278% | 1.64 379 371% | 191 443 451% : . : :
STABformer | 131 278 276% | 162 368 362% | 188 434  4.41% o w/o Retrieval: Removes the retrieval module, relying
STID 131 279 278% | 1.64 373 373% | 191 442 455% solely on frozen backbone outputs.
2
STAR 130 276 272% | 160 366 3.56% | 187 430 4.36% The ablation results presented in Fig. 3 highlight the critical

B. Performance Evaluation

The comparative results are presented in Table II and Table
III, where bold and underline indicate the best and second-
best performance, respectively. As observed, STAR? achieves
state-of-the-art performance across the majority of bench-
marks. Specifically, it establishes new records on PEMS04,
07, and 08 while maintaining top-tier competitiveness on
PEMSO03. On the METR-LA and PEMS-BAY datasets, our
model consistently outperforms established baselines such as
STAEformer and PDFormer, with particularly significant gains
in long-term forecasting horizons. These results underscore
the model’s superior capability in capturing stable spatio-
temporal dependencies and effectively alleviating prediction
bias through the proposed retrieval-augmented mechanism.

C. Ablation Study

To evaluate the effectiveness of each component, we com-
pare three model variants as follows:

o w/o ErrorHead: Replaces the error estimation branch with
fixed fusion weights.

o« w/o Refiner: Discards the Transformer-based spatio-
temporal refiner.

impact of each module on the overall performance.Notably,
removing the retrieval module (w/o Retrieval) leads to the
most significant degradation, with MAE and RMSE increas-
ing by approximately 1.5% on the PEMS04 dataset. This
confirms that retrieved historical patterns provide essential
external knowledge that the fixed parametric backbone fails
to internalize. The accuracy gap in w/o Refiner underscores
the module’s role in maintaining spatial consistency during
pattern integration. The higher error volatility observed in w/o
ErrorHead validates our dynamic gated mechanism, proving
that “on-demand” correction suppresses noise more effectively
than static fusion by mitigating the risk of blind refinement.

D. Case Study

To evaluate the predictive performance in specific scenarios,
we visualize the results for a typical hard sample (Node 22)
from the PEMS04 dataset. As shown in Fig. 4, the frozen
backbone (STAEformer) exhibits significant under-prediction
when traffic flow increases sharply, failing to capture the
sudden surge. By contrast, our model successfully captures
these trends by integrating retrieved historical patterns that
align closely with the ground truth. Quantitatively, for this
difficult case, our method reduces the MAE from 108.8 to
23.6, achieving an absolute error reduction of 85.2.



300 1 Backbone MAE: 108.8
Ours MAE: .
250 Improvement:  85.2 |/ demrre= e
£ .
£
B 200 4
]
o M —————
2 150 |-/ AR o
<]
w
L 1001
E
g =& Ground Truth
501 = = Backbone Pred
— - Retrieved Pattern
04 == Final Pred (Ours)

T T T T T T T T T T T T

1 2 3 4 5 6 7 8 9 10 11 12
Time Step (Future 1 Hour)

Fig. 4: Case Study on PEMS04 (Node 22) illustrating how the
retrieval mechanism corrects the backbone’s under-prediction
on a hard sample.

V. CONCLUSION

In this study, we present STARQ, a novel framework that
enhances traffic forecasting accuracy through a two-stage
adaptive retrieval and refinement mechanism. By integrating
a frozen parametric backbone with a non-parametric memory
bank, STAR? significantly optimizes the predictive perfor-
mance on hard samples. Our experimental results validate that

the

uncertainty-aware adaptive fusion effectively mitigates the

risk of blind refinement.

Future research will integrate multi-modal data, such as
weather and social events, for richer context, while exploring
cross-city generalizability and transfer learning to evaluate
framework robustness across diverse urban topologies.
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