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Abstract
Fine-grained urban flow inference is crucial for urban plan-
ning and intelligent transportation systems, enabling precise
traffic management and resource allocation. However, the
practical deployment of existing methods is hindered by two
key challenges: the prohibitive computational cost of over-
parameterized models and the suboptimal performance of
conventional loss functions on the highly skewed distribution
of urban flows. To address these challenges, we propose a
unified solution that synergizes architectural efficiency with
adaptive optimization. Specifically, we first introduce PLGF,
a lightweight yet powerful architecture that employs a Pro-
gressive Local-Global Fusion strategy to effectively capture
both fine-grained details and global contextual dependencies.
Second, we propose DualFocal Loss, a novel function that
integrates dual-space supervision with a difficulty-aware fo-
cusing mechanism, enabling the model to adaptively concen-
trate on hard-to-predict regions. Extensive experiments on 4
real-world scenarios validate the effectiveness and scalabil-
ity of our method. Notably, while achieving state-of-the-art
performance, PLGF reduces the model size by up to 97%
compared to current high-performing methods. Furthermore,
under comparable parameter budgets, our model yields an ac-
curacy improvement of over 10% against strong baselines.

1 Introduction
Fine-grained urban flow data provides the foundational in-
sights for modern intelligent transportation systems and
smart city infrastructures, enabling applications like precise
traffic management and responsive urban planning (Wang,
Cao, and Philip 2020). However, acquiring such high spa-
tial resolution data directly through dense sensor deploy-
ment is often infeasible due to prohibitive long-term costs
for equipment, operation, and maintenance (Xie et al. 2020).
To address this, Fine-Grained Urban Flow Inference (FUFI),
which infers fine-grained flow maps from available coarse-
grained observations, has emerged as a pressing and cost-
effective solution for developing sustainable and economi-
cally viable smart cities (Qu et al. 2022; Wang et al. 2023).

To accurately infer fine-grained urban flow, early FUFI
methods draw from the super-resolution techniques of com-
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Figure 1: The proposed PLGF addresses efficiency barriers
and optimization bottleneck issues with a lightweight archi-
tecture design and focalized optimization.

puter vision, where urban flow maps can be viewed as an im-
age. Foundational works like UrbanFM (Liang et al. 2019)
and UrbanPy (Ouyang et al. 2020) established the core
paradigm, introducing deep learning frameworks with cru-
cial spatial constraints and pyramid architectures to handle
the mapping between coarse and fine-grained flows. Follow-
up efforts are mostly focused on refining architectural de-
signs for better city-wide traffic profile capturing (Zhou
et al. 2020). More recently, the field has shifted from pursu-
ing pure accuracy to addressing practical deployment chal-
lenges, such as catastrophic forgetting in dynamic systems
(Yu et al. 2023), robustness to noisy data (Zheng et al. 2023),
and cross-city knowledge transfer (Zheng et al. 2024a).

Despite these significant advancements, the very pursuit
of higher accuracy has given rise to two critical limita-
tions that hinder practical deployment, as shown in Fig-
ure 1. First, an efficiency barrier has emerged. The push
for higher performance has led to increasingly complex and
over-parameterized architectures to capture intricate spatio-
temporal dependencies (Gao et al. 2024). The scale of model
parameters has increased from 1 million to 100 million. This
trend towards “model bloat” incurs extreme computational
costs for both training and inference, posing significant chal-
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lenges for real-world applications. Second, a persistent opti-
mization bottleneck remains. Existing models are typically
optimized with conventional regression losses, such as Mean
Squared Error, which treat all prediction errors equally. By
failing to account for the highly skewed, non-uniform na-
ture of urban flow data, this generic approach leaves the op-
timization process unfocused, limiting the ultimate accuracy
and robustness potential of the model, especially when deal-
ing with high-variance samples (Liang et al. 2019).

To address these fundamental limitations, we propose
a unified framework that rethinks both architectural de-
sign and optimization strategy. First, we introduce PLGF
(Progressive Local-Global Fusion), a lightweight yet pow-
erful architecture designed for parameter efficiency. Specif-
ically, PLGF adopts an efficient progressive local-global fu-
sion framework and a context-aware integration mechanism.
This design enables it to capture complex multi-scale spatial
dependencies with remarkable parameter efficiency, while
ensuring that the entire process is subject to modulation by
specific spatio-temporal contexts. In addition, we propose
the DualFocal Loss, a novel loss function for focalized opti-
mization. By integrating dual-scale (linear and logarithmic)
supervision with a difficulty-aware focusing mechanism, our
loss allows the model to adaptively concentrate on hard-to-
predict, low-flow regions and high-variance samples that are
often ignored by traditional methods.

The main contributions of this paper are as follows:
• We propose PLGF, a novel, lightweight, and parameter-

efficient architecture. It effectively captures multi-scale
spatial dependencies based on a progressive local-global
fusion and context-aware strategy, thus significantly re-
ducing the computational cost.

• We introduce DualFocal Loss, a universal and plug-and-
play loss function with a difficulty-aware focusing mech-
anism. It can be flexibly applied to various FUFI models,
improving both accuracy and robustness.

• Extensive experiments on 4 real-world scenarios demon-
strate that PLGF achieves over 10% performance im-
provement under the same parameter budget and reduces
parameter count by approximately 97% while maintaining
state-of-the-art performance.

2 Related Work
Fine-grained urban flow inference seeks to recover high-
resolution urban flow maps from coarse-grained observa-
tions. The foundational paradigm was established by Ur-
banFM (Liang et al. 2019), which introduced a distributional
upsampling module enforcing strict spatial constraints, en-
suring that the sum of fine-grained flows matches their cor-
responding coarse-grained region. Subsequent works ad-
vanced FUFI from several perspectives. UrbanPy (Ouyang
et al. 2020) proposed a cascading pyramid architecture
for progressive upsampling, improving scalability to large-
scale urban maps. DeepLGR (Liang et al. 2021) further en-
hanced spatial modeling by introducing a dual-path network
that jointly learns global and local features. Alternative ap-
proaches, such as FODE (Zhou et al. 2020) and UrbanODE
(Zhou et al. 2021), leveraged neural ordinary differential

equations to capture continuous urban dynamics and address
numerical instability. More recently, research has shifted to
practical deployment challenges in dynamic, real-world en-
vironments. CUFAR (Yu et al. 2023) addressed catastrophic
forgetting in dynamic environments via an adaptive knowl-
edge replay strategy, while UNO (Gao et al. 2024) proposed
data-free incremental learning using neural operators for
privacy-preserving, scale-invariant modeling. Robustness to
data quality has also been explored: multi-task frameworks
have been developed for simultaneous missing data imputa-
tion and inference (Li et al. 2022), and denoising strategies
have been integrated to enhance resilience to noisy sensor
inputs (Zheng et al. 2023). To tackle data scarcity in tar-
get cities, cross-city transfer learning methods have been in-
troduced to leverage knowledge from data-rich source cities
(Zheng et al. 2024b,a).

Despite these advancements, most existing approaches re-
main limited by large model sizes and high computational
costs. Furthermore, optimization strategies tailored to the
highly skewed and non-uniform nature of urban flow data
are still lacking. In this work, we address these gaps by
proposing a lightweight architecture and a focused optimiza-
tion strategy, aiming to improve both efficiency and adapt-
ability for real-world FUFI applications.

3 Preliminary
This section formally defines the key concepts and the prob-
lem of FUFI, providing the foundation for our methodology.
Urban Flow Map. Following standard practice, a city or a
region of interest is partitioned into a uniform I×J grid map
based on longitude and latitude. At a given time interval,
the traffic flow across the whole area is represented by an
urban flow map, denoted as X ∈ RI×J , where each element
xi,j ∈ R+ indicates the total flow volume (e.g., vehicles,
pedestrians) within the corresponding grid cell (i, j).
Coarse-grained and Fine-grained Urban Flow. Urban
flow maps can be constructed at varying spatial granulari-
ties depending on the scale of observation. A fine-grained
flow map Xf ∈ R(Nf×Nf ) provides detailed mobility infor-
mation, while a coarse-grained flow map Xc ∈ R(Nc×Nc)

offers an aggregated perspective. Each cell in the coarse-
grained map corresponds to a non-overlapping N×N block
of fine-grained cells, where N ∈ Z+ is the upscaling factor.
This hierarchical aggregation imposes a crucial spatial con-
straint: the total flow in any coarse cell equals the sum of
flows in its constituent fine-grained cells. Formally:

xc
i,j =

N(i+1)−1∑
i′=Ni

N(j+1)−1∑
j′=Nj

xf
i′,j′ , (1)

where xc
i,j is the flow in coarse cell (i, j), and xf

i′,j′ are the
flows in the corresponding fine-grained cells.
Fine-Grained Urban Flow Inference. Given an observed
coarse-grained urban flow map Xc ∈ R(I×J) and an inte-
ger upscaling factor N , the goal of FUFI task is to learn
an inference function Fθ that can accurately reconstruct
the corresponding high-resolution, fine-grained flow map
Xf ∈ R(NI×NJ). The predicted map X̂f = Fθ(Xc) should
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closely approximate the true fine-grained map while strictly
satisfying the spatial constraint above. Optionally, the infer-
ence can incorporate external factors E (such as time of day,
weather), yielding the formulation X̂f = Fθ(Xc, E).

4 Methodology
As illustrated in Figure 2, our proposed PLGF framework is
a conditional deep network designed to infer fine-grained
urban flow maps from coarse-grained inputs and external
factors. The entire design is driven by two principles care-
fully chosen to address the core challenges of efficiency and
optimization: a lightweight architecture built on progressive
learning and a strategy for adaptive optimization via a novel
loss function. The progressive learning principle tackles the
challenge of high-ratio N -times upsampling by decompos-
ing it into log2(N) sequential 2-times upsampling stages.
This approach is inherently more parameter-efficient and
stable than a single-step upsampling process. At each stage,
context-aware modulation ensures the model dynamically
adapts to external conditions. The entire framework is opti-
mized end-to-end with our proposed DualFocal Loss, which
forces the model to adaptively focus on the most challenging
aspects of the urban flow data distribution.

PLGF: A Lightweight Fusion Architecture
The PLGF architecture materializes our design principles
into a three-part pipeline as shown in Figure 3: (1) an Envi-
ronment Context Embedding block to process external fac-
tors, (2) a series of stacked Progressive Upscaling Blocks
(PUBs) to iteratively refine features and increase resolution,
and (3) a final Density-based Recovery block to ensure spa-
tial constraint, fine-grained output.

Environment Context Embedding. Firstly, urban flow is
not static, which is heavily influenced by a myriad of ex-
ternal factors such as time, weather, and public events. A
robust FUFI model must be able to adapt its predictions to
these changing conditions. To achieve this, we need a mech-
anism to encode these heterogeneous external factors into a
unified and powerful conditioning signal.

The Environment Context Embedding module trans-
forms raw external factors E ∈ R7 into a unified, high-
dimensional conditional vector econd. The categorical fea-
tures (e.g., day of the week, hour) are mapped to dense em-
beddings {vday,vhour,vweather}, while continuous features
(e.g., temperature) are processed by a multi-layer perceptron
(MLP) to form vcont. To capture interdependencies adap-
tively, these embeddings are passed through a multi-head
self-attention (MHA) layer. The output is then aggregated
and projected to produce the final conditional vector:

econd = Linear(MHA([vday,vhour,vweather,vcont])), (2)

which econd ∈ Rd serves as a dynamic conditioning signal
throughout the subsequent progressive upsampling stages.

Progressive Upscaling Block. As illustrated in Figure 3,
the core of the PLGF framework is the Progressive Up-
scaling Block (PUB). Given initial features F 0 extracted
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Figure 2: The pipeline of PLGF architecture.

from the input convolutional layer processing the coarse-
grained flow Xc, the PUB iteratively refines and upsamples
these features, dynamically conditioned on the context vec-
tor econd:

F s = PUBs(F s−1, econd), s = 1, . . . , S, (3)

where F s ∈ RC×(2sH)×(2sW ), and C,H,W denote the
channel, height, and width of the initial feature map, respec-
tively. Each PUB is composed of four main components: a
Feature-wise Linear Modulation (FiLM) for context-aware
feature adaptation, a Local-Global Fusion Block for compre-
hensive feature extraction, a Context-Gated Attention Block
for feature refinement, and finally a PixelShuffle Block for
2× spatial upsampling.
FiLM for Context-Aware Modulation. At the start of each
PUB, a FiLM layer (Perez et al. 2018) injects contextual in-
formation into the feature maps. Given the feature map F s

from the previous stage and the conditional vector econd, the
FiLM layer generates channel-wise scaling γs and shifting
parameters βs via linear projections:

F ′
s−1 = (1 + γs)⊙ F s−1 + βs (4)

γs =fs(econd), βs = hs(econd), (5)

where ⊙ denotes element-wise multiplication. This dynamic
modulation enables the network to adapt feature responses at
each stage to the specific environmental context.
Local-Global Fusion Block. Urban flow patterns exhibit
complex spatial dependencies. Predicting the flow in one
grid cell requires understanding both its immediate sur-
roundings (e.g., local traffic) and its role within the larger
city-wide traffic network (e.g., its position). Capturing these
multi-scale spatial features simultaneously is a major chal-
lenge. Therefore, we design a dual-path block to explicitly
capture both local and global features.
Local Path: Efficiently Capturing Fine-Grained Details.
The local path is engineered to capture detailed, hierarchical
features within local neighborhoods. At its core is a care-
fully optimized Residual Dense Block (RDB), a choice mo-
tivated by its high parameter efficiency. The architecture of
our RDB is motivated by several key principles aimed at
maximizing both performance and efficiency. The efficiency
of the RDB stems from its use of dense connectivity. As
shown in Figure 3, the output of each convolutional layer is
concatenated with the inputs of all subsequent layers within
the block. This mechanism encourages feature reuse, allow-
ing the network to build highly discriminative local repre-
sentations without needing to learn redundant feature maps,
which is key to its lightweight nature. For an input x0, the
operation of the l-th layer Hl is:

xl = Hl([x0 ⊕ x1 ⊕ · · · ⊕ xl−1]), (6)
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Figure 3: The overall details of PLGF architecture, which consists of four main components, extract spatio-temporal features
using a progressive and context-aware manner.

where [⊕] denotes the concatenation. To enhance training
stability and performance, we adopt Group Normalization
and the GELU activation function.

After the dense feature extraction, the collection of gen-
erated feature maps is fused via a 1 × 1 convolution.
To further enhance discriminative power, we then apply
an Efficient Channel Attention (ECA) layer (Wang et al.
2020). This lightweight attention mechanism adaptively re-
calibrates channel-wise feature responses, amplifying infor-
mative features while suppressing less useful ones. Finally,
a residual connection adds the refined features back to the
original input x0. This strategy stabilizes training and fo-
cuses the block on learning only the essential residual infor-
mation. The entire RDB operation is summarized as:

RDB(x0) = x0+α·ECA(ffusion([x0⊕x1⊕· · ·⊕xl])), (7)

where α is a small residual scaling factor (initialized with
0.1) to stabilize the training process.
Global Path: Adaptively Aggregating Multi-Scale Context.
The global path is designed to capture long-range depen-
dencies by aggregating context from multiple spatial scales.
We employ an Enhanced Feature Pyramid Network (En-
hancedFPN), which augments the standard FPN (Lin et al.
2017a) with adaptive attention mechanisms. Given the in-
put feature map x0, EnhancedFPN first constructs a feature
pyramid {p0,p1, . . . ,ps−1} using adaptive average pooling
at progressively larger scales pi = AvgPool(x0, 2

i). This
provides multiple views of the input at different levels of
granularity. Following this, a top-down fusion pathway sys-
tematically enriches finer-grained feature maps (e.g., pi) by
upsampling and merging them with semantic context from
coarser feature maps (e.g., pi+1). This process systemati-
cally enriches the finer-grained features with a higher level
of semantic context than the coarser-grained ones, creating
a semantically rich feature hierarchy.

Crucially, to make this fusion process adaptive, a Dual At-
tention module is applied at each fusion level. It uses chan-
nel and spatial attention to refine salient flow patterns and
spatial structures, focusing on the most relevant information

at each scale {p′
0,p

′
1, . . . ,p

′
s−1}. After refining all levels,

the final output is produced via an adaptive weighted fusion
of all pyramid feature maps:

EnhancedFPN(x0) =

s−1∑
i=0

σ(βi) · p′
i, (8)

where σ(·) is the sigmoid function and the learnable weights
βi allow the network to adaptively emphasize the most infor-
mative scales for a given input. The outputs from both local
and global paths are concatenated and fused to integrate fine-
grained details with multi-scale global context.
Context-Gated Attention. After fusing local and global
features, a final, precise refinement is needed. Traditional
methods often use separate, heavy convolutional layers for
each time period to integrate external information (Liang
et al. 2019; Gao et al. 2024). This reduces computational
efficiency and significantly increases model parameters. We
employ a Context-Gated Attention block for this final, adap-
tive refinement. This block uses the powerful mechanism
of multi-head attention to dynamically gate the fused fea-
tures hfused based on the context vector econd. Specifically,
the context vector serves as the “query”, while the feature
map acts as the “key” and “value”:

vagg = MHA(econd,hfused,hfused). (9)

The resulting vector, vagg, represents a contextually-
weighted aggregation of the most salient spatial information.
We then use this aggregated vector to generate a new set
of FiLM-style parameters (γ, β). This performs a second,
deeper modulation on the original fused features: hrefined =
γ⊙hfused+β. This two-step process ensures that the features
are not just broadly conditioned, but are precisely and adap-
tively refined based on a deep, contextual understanding of
the fused local-global information.
Spatial Upsampling with PixelShuffle. The final compo-
nent of the PUB is responsible for upsampling the spatial
resolution by a factor of 2. We adopt the PixelShuffle layer
(Shi et al. 2016), as it is computationally efficient and ef-
fectively mitigates checkerboard artifacts. Specifically, the
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PixelShuffle operation first increases the number of feature
channels through a standard convolution, then rearranges
channel elements into the spatial dimensions, effectively
doubling both height and width:

F s = PixelShuffle(hrefined). (10)
The resulting feature map F s serves as the input for the next
progressive stage, or, in the final stage, is passed to the out-
put generation module.

Density-based Recovery. A key physical constraint in
FUFI is that the sum of flows in the fine-grained sub-regions
must equal the observed flow in the corresponding coarse-
grained region. Any valid model must strictly adhere to this
conservation law. Following the final PUB, a density-based
recovery module ensures this constraint is met. It first uses
a convolutional layer with a ReLU activation to produce a
non-negative raw density map. Then, the parameter-free N2-
Normalization layer (Liang et al. 2019) normalizes the den-
sities within each super-region to sum to one, creating a valid
probability distribution. The final fine-grained flow map X̂f

is obtained by element-wise multiplication of this distribu-
tion with the upsampled coarse-grained flow Xc. This pro-
cess guarantees both physical consistency and fine-grained
expressiveness.

X̂f = Norm(ReLU(Conv(F s)))⊙ Upsample(Xc). (11)

Focalized Optimization Strategy
A fundamental challenge in urban flow modeling is the ex-
treme data imbalance. A few central areas exhibit extremely
high flow, while the vast majority of regions have very
low or near-zero flow. Standard regression losses like Mean
Squared Error (MSE) are dominated by the large absolute
errors in high-flow regions. This biases the model towards
fitting these few areas, while neglecting the subtle but crit-
ical patterns in the more prevalent low-flow regions. Con-
sequently, the model’s performance on relative metrics (like
MAPE) and its overall robustness suffer. To address this, we
propose DualFocal Loss, a novel loss function tailored for
such skewed regression tasks. It integrates two key ideas:
dual-scale supervision and hard sample mining.
Dual-Scale Supervision. To ensure the model remains sen-
sitive to errors across the entire spectrum of flow mag-
nitudes, we integrate supervision at two complementary
scales: the linear scale and the logarithmic scale. (1) Linear
scale: We compute a standard L1 loss between the predicted
flow X̂f and the target Xf ,i.e., Ll1 = |X̂f −Xf |. This term
emphasizes accuracy in absolute flow values, particularly
benefiting high-flow regions. (2) Logarithmic scale: To en-
hance sensitivity in low-flow regions, we introduce a second
component, Llog = | log(1+ X̂f )− log(1+Xf )|, which ap-
plies the L1 norm after a log(1 + x) (ensures numerical sta-
bility for zero flows) transformation. The logarithmic com-
pression of the large dynamic range of urban flow amplifies
the relative importance of errors in low-flow areas. This en-
courages the model to achieve high fidelity in both bustling
centers and quiet residential zones. The combined dual-scale
loss is formulated as a weighted sum Lds = Ll1 + λ · Llog,
where λ balances the contribution of the two scales.

Focalized for Hard Sample Mining. While dual-scale su-
pervision balances the learning across regions with varying
flow magnitudes, it treats all predictions within those regions
equally. To compel the model to focus on more difficult pre-
dictions, we introduce a focal mechanism inspired by Fo-
cal Loss (Lin et al. 2017b). We dynamically re-weight the
contribution of each sample to the loss based on its current
prediction difficulty (i.e., its Lds value).

LDual-Focal = (f(β · Lds))
γ · Lds, (12)

where the term (f(β · Lds))
γ is a modulating factor that in-

creases the weight of hard-to-predict samples (those with
large Lds). This forces the model to allocate more of its
capacity to overcome challenging cases, improving overall
accuracy and robustness. By jointly leveraging dual-scale
supervision and focalized re-weighting, the proposed Dual-
Focal Loss provides a comprehensive optimization strategy
tailored to the unique challenges of FUFI task.

5 Experiments
In this section, we conduct extensive experiments to validate
our proposed framework. We first benchmark PLGF against
state-of-the-art methods to demonstrate its superiority. Sub-
sequently, we present extensive ablation studies to dissect
the contribution of each key architectural and optimization
component, and analyze the model’s overall efficiency.

Experimental Setup
Datasets. To comprehensively assess the effectiveness of
our proposed framework, we conduct experiments on the
widely used public TaxiBJ benchmark dataset (Liang et al.
2019). This large-scale dataset records city-wide taxi flows
in Beijing over four distinct periods, each often consid-
ered as an independent real-world scenario, we denote as
Task-1 to Task-4. Each data sample consists of a coarse-
grained flow map (32 × 32) and its corresponding fine-
grained ground truth of (128× 128), and an external feature
vector such as weather, time, and other contextual informa-
tion. We follow the standard data partitioning protocol: the
temporally ordered data is split into training, validation, and
test sets with a ratio of 7:1:2, ensuring reproducibility.
Baselines. We benchmark our model against a broad range
of representative methods. First, we include several clas-
sic methods from the computer vision domain to estab-
lish a foundational baseline, including SRCNN (Dong et al.
2015), ESPCN (Shi et al. 2016), VDSR (Kim, Lee, and Lee
2016), DeepSD (Vandal et al. 2017), and SRResNet (Ledig
et al. 2017). Also, we compare against a set of SOTA mod-
els designed specifically for the FUFI task, including Ur-
banFM (Liang et al. 2019), UrbanPy (Ouyang et al. 2020),
DeepLGR (Liang et al. 2021), FODE (Zhou et al. 2020),
UrbanODE (Zhou et al. 2021), CUFAR (Yu et al. 2023), and
UNO (Gao et al. 2024).
Metrics. In line with standard practice, we evaluate model
performance using three widely adopted metrics, which to-
gether capture both absolute and relative prediction ac-
curacy: Mean Square Error (MSE), Mean Absolute Er-
ror (MAE), and Mean Absolute Percentage Error (MAPE),
where lower values indicate better performance.
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Task-1 Task-2 Task-3 Task-4

MSE MAE MAPE MSE MAE MAPE MSE MAE MAPE MSE MAE MAPE

SRCNN 18.464 2.491 0.714 21.270 2.681 0.689 23.184 2.829 0.727 14.730 2.289 0.665
ESPCN 17.690 2.497 0.732 20.875 2.727 0.732 22.505 2.862 0.773 13.898 2.228 0.711
VDSR 17.297 2.213 0.467 21.031 2.498 0.486 22.372 2.548 0.461 13.351 1.978 0.411
DeepSD 17.272 2.368 0.614 20.738 2.612 0.621 22.014 2.739 0.682 15.031 2.297 0.652
SRResNet 17.338 2.457 0.713 20.466 2.660 0.688 21.996 2.775 0.717 13.446 2.189 0.637

UrbanFM 16.372 2.066 0.335 19.548 2.284 0.328 21.243 2.398 0.336 12.744 1.850 0.311
DeepLGR 17.125 2.103 0.339 21.217 2.386 0.350 23.563 2.497 0.351 13.390 1.916 0.345
FODE 16.473 2.142 0.403 19.884 2.377 0.395 21.425 2.490 0.417 12.840 1.947 0.396
UrbanODE 16.342 2.135 0.406 19.648 2.357 0.394 21.177 2.460 0.408 12.668 1.929 0.391
UrbanPy 16.082 2.026 0.329 19.025 2.232 0.318 20.810 2.333 0.313 12.336 1.810 0.304
CUFAR 14.991 1.952 0.306 18.259 2.186 0.301 19.309 2.243 0.289 11.681 1.758 0.288
UNO 14.691 1.927 0.297 17.722 2.148 0.290 19.072 2.217 0.279 11.514 1.736 0.276

PLGF 14.408 1.890 0.281 17.364 2.098 0.274 18.765 2.179 0.268 11.327 1.716 0.270

∆ (%) ↓1.93 ↓1.92 ↓5.39 ↓2.02 ↓2.33 ↓5.52 ↓1.61 ↓1.71 ↓3.94 ↓1.62 ↓1.15 ↓2.17

Table 1: Overall performance comparison with baseline methods.

Implementation. All experiments are conducted on a server
equipped with NVIDIA 4090 GPUs, and the results are re-
ported as the average of five runs.

Overall Performance
Table 1 reports the comprehensive performance comparison
of our proposed PLGF framework against a suite of base-
lines. The results clearly demonstrate the superiority of our
approach. As expected, FUFI-specific models consistently
outperform general-purpose super-resolution methods, un-
derscoring the necessity of domain-specific architectural de-
signs. Among the FUFI-specific baselines, recent compet-
itive models such as CUFAR and UNO demonstrate the
most competitive performance, setting a high benchmark
for accuracy. Notably, compared to the best prior baseline
(UNO), PLGF yields relative improvements of 1.6%–2.0%
in MSE, 1.2%–2.3% in MAE, and up to 2.1%–5.5% in
MAPE across different tasks. This pronounced reduction in
MAPE is particularly significant, as it demonstrates PLGF’s
superior ability to capture subtle, low-activity flow patterns,
directly addressing the core challenge of the highly imbal-
anced, non-uniform data distributions motivating our work.
Furthermore, the consistent improvements across all tempo-
ral splits highlight the robustness and generalization capabil-
ity of our approach, confirming that the architectural inno-
vations and the Focalized optimization strategy not only en-
hance overall accuracy but also ensure reliable performance
in both high-flow and low-flow regions. Collectively, by ex-
plicitly addressing the imbalance and context sensitivity of
urban flow data, PLGF achieves new SOTA and sets a strong
foundation for future urban computing research.

Efficiency Evaluation
Figure 4 provides a comprehensive efficiency comparison
among representative FUFI models, where the horizontal
axis indicates the average training time per epoch, the ver-
tical axis reflects MAE performance, and the bubble size
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Figure 4: Model efficiency comparison.

denotes the number of model parameters. As shown, our
proposed PLGF achieves state-of-the-art accuracy (lowest
MAE) while maintaining remarkable efficiency. Specifi-
cally, PLGF requires only 3.56M parameters and attains a
10% lower MAE than UrbanFM (2.06) and DeepLGR (2.10)
under a comparable parameter scale, while requiring a sim-
ilar or shorter training time per epoch. Furthermore, when
compared to UNO, which achieves a similar MAE but relies
on a model that is over 33 times larger (117.91M parameters)
and requires nearly 5 times longer training per epoch (22.29s
vs. 4.58s), PLGF demonstrates an outstanding improvement
in both computational and memory efficiency. This result
highlights the superior efficiency of PLGF: it delivers ad-
vanced performance with a dramatic reduction in computa-
tional cost and model size (approximately 97%).

Generalizability Analysis of DualFocal Loss
To further demonstrate the universality and effectiveness of
our DualFocal loss, we conduct plug-and-play experiments
in Task 2 by integrating it into several representative FUFI
models, including UrbanFM, CUFAR, and UNO. As illus-
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Figure 5: Plug-and-play effectiveness of DualFocal loss.
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Figure 6: Parameters setting and analysis.

trated in Figure 5, DualFocal consistently delivers substan-
tial performance improvements across all evaluation met-
rics. Specifically, DualFocal reduces MSE by 4.4%, 3.6%,
and 3.7% on UrbanFM, CUFAR, and UNO, respectively,
while also lowering MAE by up to 4.8%. Most notably,
the gains in MAPE are particularly pronounced: DualFo-
cal achieves relative reductions of 8.3% (UrbanFM), 8.0%
(CUFAR), and 7.4% (UNO). The result underscores the core
design of our loss function; by focusing the optimization
on difficult, high-variance samples, it successfully addresses
the challenge of skewed data distribution and forces the
models to pay closer attention to relative errors, which is par-
ticularly critical in low-flow regions. In addition, it validates
DualFocal loss as a general, effective, and easily adoptable
optimization strategy that can seamlessly enhance a wide
range of existing models, making it a promising choice for
future FUFI research and applications.

Paramerters Studies
To identify the optimal balance between performance and
complexity, we analyzed the impact of model width (num-
ber of channels) and depth (number of local-global feature
extraction layers). The results, summarized in Figure 6, re-
veal a clear trade-off for both dimensions. In the left panel,
we observe that increasing the channel count from 64 to
128 leads to a substantial reduction in both MSE and MAE,
indicating that a richer feature representation significantly
enhances model accuracy. However, further increasing the
channel number to 192 yields only marginal gains, suggest-
ing diminishing returns beyond a certain embedding size.
The right panel examines the effect of altering the number
of feature extraction layers. Both MSE and MAE decrease
as the layer count increases from 2 to 4, reflecting the bene-
fit of deeper hierarchical feature extraction. However, as the
depth continues to grow, the improvements plateau and may
even slightly fluctuate, implying that excessive depth does

Method MSE MAE MAPE

PLGF 14.408 1.890 0.281

wo/ FiLM 14.481 1.894 0.282
wo/ Local-Global Fusion 17.745 2.049 0.288
wo/ Context-Gated Attention 18.638 2.095 0.294
wo/ DualFocal 14.574 1.926 0.304
wo/ Logarithmic 14.349 1.902 0.301

Table 2: Ablation study for core component in PLGF.

not necessarily translate into better performance and may in-
troduce unnecessary computational overhead. Overall, these
results highlight the importance of carefully balancing width
(e.g., 128) and depth (e.g., 4): sufficient channel capacity
and moderate network depth are both crucial for achieving
optimal performance without excessive complexity.

Ablation Studies
To systematically evaluate the contribution of each compo-
nent within PLGF, we conduct ablation experiments by in-
crementally removing key modules and reporting the result-
ing performance (Table 2). The findings provide clear em-
pirical support for the core design motivations of our frame-
work. First, the Local-Global Feature Fusion and Context-
Gated Attention modules are both crucial for accurate urban
flow inference, as evidenced by the significant performance
drop when either is removed. Local-Global Feature Fusion
enables the model to jointly capture fine-grained spatial de-
tails and broad contextual patterns, while Context-Gated At-
tention ensures adaptive recalibration based on dynamic ex-
ternal and contextual signals. Together, they validate our
motivation that effective urban flow modeling must jointly
leverage multi-scale spatial information and dynamically
adapt to contextual variations. The DualFocal Loss is also
essential, notably improving MAPE and effectively address-
ing the imbalance and long-tail distribution of urban flows,
thus ensuring accurate predictions for both high-flow and
low-flow regions. Other components, such as FiLM-based
feature modulation and logarithmic transformation, offer ad-
ditional but smaller improvements. FiLM promotes flexible
feature adaptation, while the logarithmic transformation en-
hances robustness to outliers, as reflected by slightly higher
MSE and consistent gains in MAE and MAPE.

In summary, these ablation results strongly confirm the
necessity and effectiveness of our architectural choices and
optimization strategies, each of which is closely rooted in
the unique challenges and dynamics of the fine-grained ur-
ban flow inference task.

6 Conclusion
In this work, we proposed a novel lightweight framework for
fine-grained urban flow inference that systematically tack-
les two critical barriers to practical deployment: model bloat
and unfocused optimization. Specifically, our PLGF model
introduces a Progressive Local-Global Fusion strategy, and
the DualFocal Loss provides a powerful, adaptive learning
mechanism that is sensitive to the skewed data distributions.
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