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Abstract

Estimating service capabilities for logistics terminal stations
is essential for guiding operations adjustments to enhance
customer experience. However, existing studies often fo-
cus on isolated metrics like on-time delivery or complaint
rates, each reflecting a specific aspect of service capabili-
ties. To provide a more comprehensive evaluation, we design
AdaService, an Adaptive multi-faceted Service capabilities
co-estimation framework. We begin by constructing Multi-
faceted Hypergraph to encode stations using multiple per-
formance metrics. We then introduce a Multi-faceted Hyper-
graph Convolution Network (MHCN) to capture the hetero-
geneous service capabilities across stations, providing a com-
prehensive capabilities representation. Finally, we apply an
Adaptive Multi-faceted Estimation module that uses multi-
task learning to model dynamic interactions among these
metrics, enhancing predictive accuracy. Extensive evalua-
tion with real-world data collected from nationwide stations
in a leading logistics company in China demonstrates that
AdaService significantly outperforms state-of-the-art meth-
ods, improving estimation accuracy for on-time delivery, on-
time pick-up, and complaint rates by up to 18.98%, 9.30%,
and 39.62%.

Introduction
In recent years, the rapid growth of e-commerce has signif-
icantly increased the demand for efficient and reliable lo-
gistics (Yu et al. 2016). As critical components of logis-
tics networks, terminal stations are primarily responsible
for parcel collection and deliveryḊue to their direct inter-
action with customers, their service capabilities play a piv-
otal role in shaping customer satisfaction. To assess these
capabilities, several key metrics are commonly used (Han,
Chong, and Li 2020; GOV 2023): i) On-time delivery rates,
which indicate the station’s ability to handle expected work-
loads (Eliyan, Elomri, and Kerbache 2021). ii) On-time pick-
up rates, which reflect the station’s agility and responsive-
ness in meeting real-time demands (Makhloufi et al. 2015).
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Figure 1: Heterogeneous Service Capabilities.

iii) Complaint rates, which provide insights into service
qualities (Bruhn 2023). These metrics collectively guide lo-
gistics operations adjustments, ultimately enhancing cus-
tomer experience.

However, existing research often focuses on individual
metrics in isolation, without considering the interrelation-
ships among them (Hadden et al. 2006; Yilmaz and Ari
2017; Wu and Wu 2019; Qiang et al. 2023; Zhang et al.
2023; Mao et al. 2023a). For example, a high on-time de-
livery rate might be achieved at the cost of increased parcel
damage, which in turn leads to higher customer complaints.
This narrow focus captures only a single dimension of lo-
gistics service, failing to provide a comprehensive view of
overall service quality and potentially overlooking critical
underlying issues (Dabholkar, Shepherd, and Thorpe 2000).

The idea sounds straightforward, two challenges persist:

• Profiling stations requires modeling diverse performance
metrics, complicated by variations in geographic loca-
tions, operational processes, and customer demograph-
ics. For instance, as shown in Figure 1, Station 1 ex-
cels in both on-time delivery and pick-up rates, with low
complaint rates. Station 2, despite maintaining acceptable
pick-up and delivery performance but experiences higher
complaint rates. Station 3 prioritizes high on-time pick-up
rates, slightly compromising its delivery performance.

• The correlations among metrics are interdependent and in-
fluenced by external factors, such as delay severity and
customer expectations. Figure 2 shows that in shaded re-
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Figure 2: Uncertain Interactions Among Service Capabili-
ties Metrics.

gion (1), declines in both on-time delivery and pick-up
rates do not significantly increase complaints. Conversely,
shaded regions (2) and (3) indicate that substantial de-
creases in either metric generally lead to more complaints.
Interestingly, shaded region (4) reveals that a reduction in
on-time pick-up rates does not always negatively impact
on-time delivery rates.
To address these challenges, we develop AdaService,

an Adaptive multi-faceted Service capabilities co-estimation
framework for logistics terminal stations. The key intu-
ition behind AdaService is that stations operating un-
der similar conditions—such as comparable operational
modes, customer bases, or market environments—are likely
to exhibit similar performance. To capture station capabil-
ities under these conditions, the hypergraph structure (Bai,
Zhang, and Torr 2021) models higher-order interactions
among performance metrics. Additionally, multi-task learn-
ing (MTL) (Caruana 1997) facilitates knowledge transfer
across tasks, allowing for the interpretation of dynamic in-
teractions and enhancing overall performance. In summary,
we make four major contributions.
• This study is the first to co-estimate multi-faceted ser-

vice capabilities for nationwide logistics terminal sta-
tions. Unlike prior work that focuses on isolated met-
rics, AdaService captures the interactions between
metrics, providing a more comprehensive and context-
aware view of station performance.

• We present two key technical designs. First, the Multi-
faceted Hypergraph Convolution Network (MHCN) ex-
tracts features to comprehensively represent station oper-
ational abilities, capturing the complexity of station dy-
namics. Second, the Mixture of Experts (MoE) within an
MTL framework effectively addresses metric heterogene-
ity, enabling precise and tailored predictions for each task.

• Extensive experiments with 770, 000 real-world records
from 8, 000 stations nationwide, collected from a
leading logistics company in China, demonstrate that
AdaService outperforms state-of-the-art baselines up
to 18.98%, 9.30%, and 39.62% in estimating on-time de-
livery rate, pick-up rate, and complaint rate.

Proposed Method
Figure 3 illustrate the overall framework, which comprises
three key steps: First, we construct a Multi-faceted Hyper-
graph using performance embeddings learned through au-

toencoders (Wang, Yao, and Zhao 2016) that represent on-
time delivery, pick-up, and complaint rates. Each hyperedge
clusters stations based on specific performance character-
istics. Next, we introduce a Multi-faceted Heterogeneous
Convolution Network (MHCN) to extract features that cap-
ture the stations’ operational capabilities. By iterating these
processes at each time step, we model the evolving dynamics
across temporal hypergraphs. Finally, a multi-task learning
(MTL) approach is applied to model interactions among per-
formance metrics, enhancing overall system performance.

Multi-faceted Hypergraph Construction
Operational Performance Embedding. We use an auto-
encoder (Wang, Yao, and Zhao 2016) with Long Short-Term
Memory (LSTM) networks (Hochreiter and Schmidhuber
1997) to process performance data for different metrics, gen-
erating representations that capture distinct aspects of station
capabilities. The input and output are the operational metrics
for station si over the past tp days, including on-time deliv-
ery rate xdeli.(si,[t−tp:t]), on-time pick-up rate xpick.(si,[t−tp:t]) and
complaints rate xcomp.(si,[t−tp:t]).

Let us take on-time delivery rate as an example.
The input sequence for the encoder is xdeli.(si,[t−tp:t]) =

[xdeli.(i,t−tp), . . . , x
deli.
(si,t)

]. Each xdeli.(si,t)
includes day-specific in-

formation (such as holidays, weekdays, or weekends), the
number of available couriers, the distribution of orders to
be delivered and picked up within road areas, and the cor-
responding on-time delivery rate, on-time pick-up rate, and
complaints rate. The intermediate embeddings edeli.(si,[t−tp:t])
capture the delivery capability for si and are used by the de-
coder to reconstruct the input sequence. We train this auto-
encoder by minimizing the mean squared error (MSE) re-
construction loss. Similarly, we obtain intermediate embed-
dings epick.(si,[t−tp:t]) and ecomp.(si,[t−tp:t]) that represent the pick-up
and service capabilities for si. All embeddings are then used
in the subsequent hyperedge construction.

Multi-faceted Hyperedge Construction. The sta-
tions’ multi-faceted capabilities embeddings at time
step t are denoted as Xt = [{edeli.(s1,t)

, epick.(s1,t)
, ecomp.(s1,t)

};
. . . ; {edeli.(si,t)

, epick.(si,t)
, ecomp.(si,t)

; . . . }], where i = {1, 2, ..., n}
denotes the sequence of stations. We then construct a
hypergraph G = {V, E}, where V is the set of stations and E
is the set of hyperedges, with each hyperedge e representing
a group of stations sharing a specific characteristic. The
stations in hyperedge ei, denoted Con(ei), are defined as:

Con(ei) = {s1, s2, . . . , skei } (1)

where ke is the number of stations in e. Similarly, the set of
hyperedges containing si, denoted as Adj(si), is defined as:

Adj(si) = {e1, e2, . . . , eksi } (2)

where ksi is the number of hyperedges containing si, which
is considered as the centroid vertex of Adj(si).

To construct the hyperedges, we apply the K-means al-
gorithm (Jiang et al. 2019). Geographically adjacent sta-
tions are clustered using Manhattan distance (Madhulatha
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Figure 3: The Framework of AdaService. It integrates multiple data sources, including terminal stations characteristics,
orders distribution, and couriers availability, to comprehensively assess logistics service capabilities. It consists of three com-
ponents: (1) Multi-faceted Hypergraph Construction, (2) Multi-faceted Hypergraph Convolution Network, and (3) Adaptive
Multi-faceted Estimation.

2012), while stations with similar operational characteristics
are grouped using cosine distance.

Multi-faceted Hypergraph Convolution Network
We design a Multi-faceted Hypergraph Convolution Net-
work (MHCN) with two components-station and hyperedge
convolution-for comprehensive feature extraction.

In the station convolution component, we apply a Graph
Convolution Network (GCN) (Kipf and Welling 2016) to
learn and aggregate features from individual stations. The
output, termed as the hyperedge embedding, captures the in-
trinsic characteristics of the stations within a hyperedge. The
process is mathematically defined as:

z(l+1)
ei = σ(

∑
sj∈Con(ei)

We(l)
sj + b) (3)

where z
(l+1)
ei is the hyperedge ei embedding, e(l)sj is the em-

bedding of station sj within ei, W is the learnable weight
matrix, b is the bias and σ is the activation function.

In the hyperedge attention component, we use an atten-
tion mechanism (Vaswani et al. 2017) to aggregate hyper-
edge features into a centroid station embedding. The moti-
vation is that the operational ability for each station is dy-
namically adjusted according to the varying importance of
different service capabilities (Hou et al. 2019) (as illustrated
in Figure 1). This step is formally represented as:

α(l)
ej =

exp(LeakyReLU(⃗a⊤ · z(l)ej ))∑
ek∈Adj(si)

exp(LeakyReLU(⃗a⊤ · z(l)ek ))
,

h(l+1)
si =

∑
ek∈Adj(si)

α(l)
ek z

(l)
ek

(4)

where a⃗⊤ is a learnable weight vector, α(l)
ej is the attention

score that passed through a LeakyReLU activation function
to introduce non-linearity, and h

(l+1)
si is the weighted sum of

all the hyperedges Adj(si).
The above construction and extraction processes are it-

eratively applied at each time step. To model the dynamic
evolving pattern, we establish the short-term dependen-
cies by transmitting node embeddings from adjacent time

steps (Yin et al. 2022). It is formally represented by:

Ĥt+1 = σ(HtΨ+ bψ), (5)

Ht denote the stations’ embeddings. Ψ and bψ are trainable
parameters, and σ is the non-linear activation function.

Adaptive Multi-faceted Estimation
We introduce an MTL approach equipped with MoE facili-
tates the effective exploration of interactions between differ-
ent metrics. The inputs include the estimated station capa-
bilities Ĥt+1 and latest records Xt+1

wl , which consists of un-
finished orders, available couriers, and day-specific features.
The inputs are first processed by shared expert networks to
extract relevant patterns.

fi([Ĥ
t+1;Xt+1

wl ]) = WiMLP([Ĥt+1;Xt+1
wl ]) (6)

where i = 1, 2, ..,K and K is the number of experts. Si-
multaneously, they are passed through the gating networks,
which determine the weights assigned to each expert.

gi([Ĥ
t+1;Xt+1

wl ]) =
exp(wigMLP([Ĥt+1;Xt+1

wl ])∑K
j=1 exp(w

j
gMLP([Ĥt+1;Xt+1

wl ])
,

(7)
where wig are the gating weights for the i-th expert. Finally,
the outputs from the expert networks, weighted by the gating
networks, are fed into task-specific towers, each designed to
meet the unique requirements of its respective task.

ŷi =

K∑
j=1

gj([Ĥ
t+1;Xt+1

wl ])f ij([Ĥ
t+1;Xt+1

wl ]) (8)

Training Objective
In AdaService, we employ the L1 loss function as the pri-
mary training objective due to its robustness against outliers.
For instance, the loss function for estimating the on-time de-
livery rate is defined as:

Ldeli.(Wφ) =

N∑
i=1

|yi − ŷi|, (9)
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where Wφ represents the learnable parameters, yi and ŷi de-
note the actual and estimated on-time delivery rates, respec-
tively. Similarly, we define loss functions for other metrics:
Lpick.(Wφ) for the on-time pick-up rate, and Lcomp.(Wφ)
for the complaints rate.

The overall loss function combines these losses:
Ltotal = wdeli.Ldeli. + wpick.Lpick. + wcomp.Lcomp., (10)

where wdeli., wpick., and wcomp. are weights that adapt to
the importance of each task in stations’ service capabilities.

Experiments
This section presents the data and evaluation settings, fol-
lowed by a detailed analysis of the evaluation results.

Experimental Setup
Datasets Our evaluation utilizes a dataset from one of the
major logistics companies in China, collected from July 1
to August 1, 2023. This dataset includes 770,000 perfor-
mance records from 8,000 stations. To comprehensively ana-
lyze station service capabilities, we focus on extracting both
dynamic and static features.
• Static features include GPS coordinates and delivery area

characteristics for each station. GPS coordinates are de-
rived from a geo-coding system that decodes textual ad-
dresses from waybills. Delivery areas are segmented based
on attributes such as size, classification (e.g., residential,
industrial), delivery difficulty, and distance from the sta-
tion.

• Dynamic features consist of time-varying operational
data, including the daily number of available couriers, the
daily volume of pick-up and delivery orders within deliv-
ery areas, and the station’s daily performance metrics (i.e.,
on-time delivery, on-time pick-up, and complaint rates).
During Data Pre-processing, we applied Min-Max nor-

malization to scale numerical data (e.g., order volume) to
a [0, 1] range, and used one-hot encoding for categorical
data (e.g., station types). After estimation, the values were
reverted to their original scales for evaluation.

In the initial operational performance learning phase,
we used performance records from the preceding 5 days
to learn stations’ capabilities. The hyperparameters for
AdaService were set as follows: embedding hidden size
at 256, graph convolution filter size at 1, and historical data
length at 2. AdaService was optimized using the Adam
optimizer (Kingma and Ba 2014), with a batch size of 128
and a learning rate of 0.001.

For evaluation, we employed standard metrics such as
Mean Absolute Error (MAE), Root Mean Squared Error
(RMSE), and Mean Absolute Percentage Error (MAPE).
To align with the company’s practical needs—specifically,
whether the predicted values fall within an acceptable error
range—we defined specific accuracy metrics: Delivery Ac-
curacy (Deli. Acc.), Pick-up Accuracy (Pick-up Acc.), and
Complaints Accuracy (Comp. Acc.) as:

Acc(i) =

{
1, |yi − ŷi| < ϵ

0, otherwise,
(11)

where yi represents the actual value, ŷi is the predicted
value, and ϵ denotes an acceptable deviation threshold.

Baselines To evaluate the performance of AdaService,
we compare it against a range of baselines, from traditional
statistical methods to contemporary neural network-based
models. The comparative models include:
• Historical Average (HA): It calculates average on-time

delivery and pick-up, and complaint rates to estimate the
future service capabilities, which does not account for
time-varying factors such as daily workload.

• XGBoost (Chen and Guestrin 2016): Uses geographi-
cal and workload features of stations as inputs to pre-
dict service capabilities. XGBoost excels at identifying
performance-influencing factors.

• MLP (Bishop 1995): Similar to XGBoost in terms of in-
puts and outputs, but specializes in capturing complex,
non-linear patterns.

• LSTM (Hochreiter and Schmidhuber 1997): It pro-
cesses sequential data to estimate the evolving patterns of
station service capabilities.

• STGCN (Yan, Xiong, and Lin 2018): The stations are
represented using nodes and the adjacent matrix is calcu-
lated based on proximity, which benefits to capture similar
service capabilities from neighboring stations.

• DyHCN (Yin et al. 2022): A dynamic hypergraph-based
model that combines hypergraph construction, spatiotem-
poral hypergraph convolution, and a collaborative estima-
tion module to facilitate evolving process estimation.

• Multi-task Learning (MTL) (Caruana 1997): Similar to
XGBoost in terms of inputs but outputs are multiple ser-
vice metrics. MTL leverages shared layers for common
feature learning and task-specific layers for individual task
nuances, enhancing overall performance.

Overall Performance
We compared our proposed AdaService model with
baseline models, as summarized in Table 1. For a fairness
comparison, we implement AdaService-, a variant of our
model without the MTL module. Notably, AdaService
outperforms all baselines in key metrics.

The Historical Average (HA) method estimates next-day
service capabilities based on average historical performance
of corresponding metrics (e.g., on-time delivery rate), but it
overlooks dynamic factors like courier availability and daily
workload. In constrast, Xgboost(Chen and Guestrin 2016)
and MLP(Popescu et al. 2009) address this by incorporat-
ing daily order volumes and courier availability, yet they are
outperformed by LSTM, which underscores the importance
of temporal correlations. Moreover, STGCN improves upon
these by integrating geographical correlations, while DyHCN
and AdaService- achieve even better results by in-
corporating semantic information. Finally, AdaService-
slightly outperforms DyHCN due to its more comprehensive
representation of station capabilities.

Additionally, we enhanced the models with MTL (i.e.,
LSTM+MTL, STGCN+MTL, and DyHCN+MTL), resulting in
improved performance. It highlights the effectiveness of
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Models
Metrics

MSE MAE MAPE (%) Delivery Accuracy Pick-up Accuracy Complaints Accuracy

XGBoost (Chen and Guestrin 2016) 0.92 0.031 0.67 0.79 0.43 0.53

MLP (Bishop 1995) 0.86±0.022 0.026±0.002 0.62±0.2 0.67±0.012 0.41±0.015 0.49±0.018

LSTM (Hochreiter and Schmidhuber 1997) 0.81±0.017 0.022±0.001 0.57±0.3 0.86±0.011 0.36±0.012 0.65±0.010

STGCN (Yan, Xiong, and Lin 2018) 0.76±0.015 0.015±0.002 0.48±0.2 0.90±0.015 0.43±0.011 0.69±0.015

DyHCN (Yin et al. 2022) 0.77±0.018 0.016±0.013 0.46±0.2 0.91±0.012 0.44±0.011 0.71±0.013

AdaService- 0.75±0.015 0.015±0.011 0.45±0.2 0.93±0.008 0.46±0.011 0.72±0.016

LSTM+MTL 0.78±0.014 0.018±0.005 0.49±0.2 0.89±0.008 0.30±0.015 0.67±0.012

STGCN+MTL 0.74±0.013 0.014±0.005 0.45±0.1 0.91±0.007 0.46±0.012 0.71±0.009

DyHCN+MTL 0.74±0.015 0.014±0.009 0.44±0.2 0.92±0.013 0.46±0.017 0.73±0.014

AdaService 0.70±0.017 0.010±0.003 0.39±0.2 0.96±0.012 0.49±0.015 0.77±0.015

Table 1: Performance Comparison of AdaService with Baseline Methods. w.r.t RMSE, MAE, MAPE, Accuracies for On-
time Delivery Rate, On-time Pick-up Rate, and Complaint Rate with Standard Deviations. Deli. Acc., Pick. Acc., and Comp.
Acc. represents delivery rate, pick-up rate, and complaints number accuracy, respectively. The best results are highlighted.
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Figure 4: The Impact of City.

MTL in modeling the dynamic interactions and dependen-
cies among performance of various metrics.

Impact of City Scale on AdaService
Furthermore, we evaluated AdaService in several repre-
sentative cities 1, including Beijing (the capital of China),
Shanghai (a metropolitan city of China), Chengdu and Hefei
(two mid-sized cities in China), as shown in Figure 4. We
notice, in major cities like Beijing and Shanghai, we ob-
served a modest improvement in delivery accuracy of ap-
proximately 2.7% and 3.7%. In contrast, mid-sized cities
like Hefei showed a more significant increase of 7.1%. The
limited improvement in larger cities is likely due to their sta-
ble and high performance in on-time delivery and pick-up
rates, supported by a sufficient number of couriers. On the
other hand, mid-sized cities often struggle to balance high
order volumes with limited courier capacities, leading to
trade-offs between on-time delivery and pick-up rates. As a
result, the performance improvement from collectively ana-
lyzing these metrics is more pronounced in mid-sized cities.

Ablation Studies
Moreover, we evaluated the peformance of key components,
i.e., MHCN and MTL, within AdaService.

1https://en.wikipedia.org/wiki/List of Chinese prefecture-
level cities by GDP

Metrics
Models

∧MLP ∧LSTM ∧STGCN AdaService

MSE 0.86±0.022 0.81±0.015 0.76±0.017 0.70±0.017

MAE 0.026±0.002 0.022±0.001 0.015±0.002 0.010±0.003

MAPE (%) 0.62±0.2 0.57±0.3 0.48±0.2 0.39±0.2

Deli. Acc. 0.81±0.021 0.86±0.016 0.90±0.015 0.96±0.012

Pick. Acc. 0.31±0.015 0.36±0.015 0.43±0.013 0.49±0.012

Comp. Acc. 0.62±0.021 0.65±0.018 0.69±0.015 0.77±0.015

Table 2: Performance for Different Encoding Strategies.

First, we replaced the MHCN with three variants:

• ∧MLP, which uses the current state of a single station;
• ∧LSTM, which captures a station’s time-varying state;
• ∧STGCN, which considers neighboring stations’ states.

The embeddings from these variants were then fed into the
designed MTL framework used in AdaService. The re-
sults, shown in Table 2, indicate that ∧LSTM, which captures
the temporal trends, outperforms ∧MLP, which merely con-
siders the current state. ∧STGCN further improves perfor-
mance, incorporating the similar patterns from neighboring
stations. However, AdaService outperforms ∧STGCN,
highlighting the critical role of semantic correlations in
learning station capabilities representation.

Second, using the outputs from MHCN, we evaluated
two MTL variants: hard parameter sharing (Hard) and
Task Relation-based MTL (Task). The results are shown
in Table 3. Task outperforms Hard by better captur-
ing the significant differences between tasks. Furthermore,
AdaService surpasses Task due to its ability to model
dynamic and uncertain interactions between tasks.
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Metrics
Models

Hard Task AdaService

MSE 0.88±0.018 0.82±0.015 0.70±0.017

MAE 0.031±0.001 0.023±0.001 0.010±0.003

MAPE (%) 0.64±0.3 0.58±0.2 0.39±0.2

Deli. Acc. 0.79±0.016 0.87±0.015 0.96±0.015

Pick. Acc. 0.29±0.018 0.36±0.013 0.49±0.012

Comp. Acc. 0.61±0.018 0.64±0.016 0.77±0.015

Table 3: Performance for Different Aggregation Strategies.

Metrics
Length of Historical Data (l)

l = 2 l = 3 l = 4 l = 5

MSE 0.70±0.017 0.76±0.011 0.79±0.015 0.76±0.016

MAE 0.010±0.003 0.016±0.001 0.021±0.002 0.023±0.002

MAPE (%) 0.39±0.2 0.49±0.18 0.52±0.20 0.54±0.15

Deli. Acc. 0.92±0.020 0.89±0.018 0.86±0.015 0.82±0.014

Pick. Acc. 0.47±0.022 0.44±0.017 0.41±0.012 0.38±0.016

Comp. Acc. 0.77±0.015 0.69±0.018 0.65±0.015 0.62±0.018

Table 4: Performance for Different Historical Steps.

Parameters Sensitivities
We explore how various parameters influence the perfor-
mance of AdaService, as shown in Table 4. Typically, we
focus on the following parameters, each analyzed individu-
ally while keeping others at their default settings:

• Length of historical data (l) for capabilities learning.
• Number of hypergraph convolution layers (nl).
• Geographic distance threshold (d) for station correlation.
• Number of clusters initialized for K-means (kc).

Based on our analysis, we have the following observations:
i) AdaService is generally sensitive to parameter adjust-
ments. Significant performance variations occur with differ-
ent lengths of historical data and numbers of hypergraph

Metrics
Number of Hypergraph Convolutional Layers (nl)

nl = 1 nl = 3 nl = 5 nl = 7

MSE 0.70±0.017 0.75±0.020 0.79±0.015 0.82±0.012

MAE 0.010±0.003 0.015±0.002 0.017±0.001 0.020±0.002

MAPE (%) 0.39±0.2 0.51±0.16 0.57±0.19 0.61±0.15

Deli. Acc. 0.96±0.012 0.90±0.011 0.87±0.015 0.85±0.012

Pick. Acc. 0.49±0.015 0.43±0.012 0.41±0.015 0.40±0.012

Comp. Acc. 0.77±0.015 0.70±0.016 0.69±0.015 0.67±0.018

Table 5: Performance for Different Convolution Layers.

Metrics
Geographical Distance Thresholds (d)

d = 5, 000 d = 10, 000 d = 15, 000 d = 20, 000

MSE 0.76±0.018 0.70±0.017 0.79±0.015 0.82±0.018

MAE 0.018±0.002 0.010±0.003 0.017±0.001 0.021±0.002

MAPE (%) 0.53±0.11 0.39±0.2 0.49±0.18 0.56±0.17

Deli. Acc. 0.81±0.017 0.96±0.012 0.90±0.013 0.88±0.015

Pick. Acc. 0.30±0.012 0.49±0.015 0.42±0.015 0.38±0.019

Comp. Acc. 0.61±0.022 0.77±0.015 0.70±0.015 0.63±0.021

Table 6: Performance on Different Distance Thresholds.

Metrics
Number of Clusters (kc)

kc = 15 kc = 30 kc = 45 kc = 60

MSE 0.771±0.016 0.70±0.017 0.742±0.015 0.784±0.015

MAE 0.018±0.002 0.010±0.003 0.016±0.001 0.019±0.002

MAPE (%) 0.51±0.19 0.39±0.2 0.48±0.17 0.53±0.15

Deli. Acc. 0.83±0.015 0.96±0.012 0.87±0.015 0.84±0.016

Pick. Acc. 0.35±0.012 0.49±0.015 0.38±0.015 0.36±0.019

Comp. Acc. 0.64±0.017 0.77±0.015 0.68±0.015 0.65±0.016

Table 7: Performance for Different Numbers of Clusters.

convolution layers. The optimal length of historical data is 2
days; longer periods may introduce irrelevant data, detract-
ing from performance (Table 4). Similarly, a single hyper-
graph convolution layer yields the best results, as additional
layers can overcomplicate the model (Table 5). ii) The geo-
graphic distance threshold is crucial for station correlation.
A low threshold (e.g., 5, 000 m) limits relevant data, while
a high threshold (beyond 10, 000 m) introduces noise, both
leading to suboptimal performance (Table 6). iii) The num-
ber of clusters initialized for K-means, ranging from 15 to
60, shows that AdaService’s performance is relatively
stable across this parameter, indicating the robustness of the
hypergraph construction (Table 7).

Discussion
In this section, we first discuss two lessons learned from this
work, followed by limitations and future works. Finally, we
show the generalization and privacy issues analysis.

Insights and Lessons Learned
Based on the design and real-world experiments
of AdaService, we summarize the following lessons:

• Effectiveness of Multi-task Co-assessment.
AdaService integrates multi-task learning to un-
cover complex interconnections within multi-faceted
metrics. As shown in Figure 3, the implementation of this
design results in performance enhancement of 16.2%.
This approach leads to a performance enhancement of
16.2%, verifying that learning a compact and generalized
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representation of a task is achievable by recognizing and
extracting commonalities across different tasks.

• Impact of City Scale on Performance: Our study
revealed significant performance variations of
AdaService across different urban scales (sup-
ported by Figure 4). For instance, AdaService showed
a 7.1% improvement in Hefei, a mid-sized city, compared
to a 2.7% improvement in Beijing, a larger metropolis.
This difference is partly due to the strong correlations
between delivery and pick-up efficiency in mid-sized
cities, where limited courier numbers and larger service
areas present challenges. Thus, a comprehensive analysis
incorporating various metrics, such as on-time delivery
and pick-up rates, is crucial for enhancing performance,
particularly in smaller cities.

Generalization and Implication
We explore multi-faceted operational metrics to evaluate the
service capabilities of logistics terminal stations, a method
that can be generalized to other scenarios. For example, in
a taxi dispatch system, we can simultaneously estimate pas-
senger alighting and boarding volumes, idle taxi rates, and
response times to assess the service capabilities of taxis in
different areas. It helps efficiently redistribute idle taxis from
high-capacities areas to low-capacities areas.

Ethics and Privacy
To protect data privacy, we first convert each order’s address
into GPS coordinates, effectively masking detailed customer
information. Secondly, we remove unnecessary data fields
to minimize exposure. Finally, data access is restricted to
authorized core team members, ensuring secure handling.

Related Work
Service Capability Estimation
Current research focuses on estimating service capabilities
from a single perspective (Wu and Wu 2019; Wen et al.
2022b; Hadden et al. 2006; Yilmaz and Ari 2017). Specif-
ically, in logistics, studies (Wen et al. 2022a; Mao et al.
2023b,a) utilize on-time delivery or pick-up rates as key
indicators. DeepETA (Wu and Wu 2019) enhances deliv-
ery time prediction by integrating historical data. Similarly,
Graph2Route (Wen et al. 2022a) and DeepRoute+(Wen
et al. 2022b) focus on forecasting delivery routes and
times, incorporating couriers’ behaviors (Hong et al. 2024)
under time constraints. GMDNet(Mao et al. 2023a) and
DRL4Route (Mao et al. 2023b) are geared towards opti-
mizing delivery and pick-up times to boost last-mile logis-
tics efficiency. In other fields, Hadden (Hadden et al. 2006)
examines customer churn as a reflection of service quality,
while (Yilmaz and Ari 2017) assesses rail service quality
through customer feedback.

Hypergraph
We employ Hypergraph for non-pairwise correlations be-
tween stations (Ma et al. 2022; Sun et al. 2021). For in-
stance,(Sun et al. 2021) and(Ma et al. 2022) utilize hy-
pergraphs to reveal complex relationships within social

networks and for causal analysis in epidemiology. Simi-
larly, (Zhao et al. 2023) uses hyperedges to examine the
impact of external events and neighborhood dynamics over
time. DyHCN (Yin et al. 2022) implements a dynamic Hy-
pergraph Convolutional Network with an attention mech-
anism for time series prediction. Furthermore, (Saifuddin
et al. 2023) employs a hypergraph constructed from drug
chemical substructures to explore drug similarities.

Multi-task Learning

We utilize MTL to reveal complex interconnections between
interrelated tasks (Caruana 1997; Sun et al. 2021; Wang et al.
2022). For instance, (Cai et al. 2023) introduced a multi-
layered graph model for route and time co-prediction in lo-
gistics. (Wang et al. 2022) developed a model with diverse
experts to investigate task relationships and identify task-
specific features. (Zhai et al. 2023) utilized MTL to analyze
correlations in group buying recommendations, breaking it
down into two connected sub-tasks. Additionally, (Zhou
et al. 2023) created a hierarchical information extraction net-
work to effectively manage the complex interplay of rela-
tionships across various scenarios and tasks.

Conclusion

In this paper, we present AdaService, an adaptive, multi-
faceted service capabilities co-estimation framework for lo-
gistics terminal stations, designed to simultaneously es-
timate key operational metrics: on-time delivery, on-time
pick-up, and complaint rates. Specifically, AdaService
comprises two technical designs: the Multi-faceted Hyper-
graph Convolution Network, which generates a comprehen-
sive representation of each station’s service capabilities, and
the Adaptive Multi-faceted Estimation, which captures dy-
namic interactions among these metrics. Our evaluation us-
ing real-world data from one of the biggest logistics compa-
nies in China demonstrates that AdaService significantly
improves estimation performance for on-time delivery, on-
time pick-up, and complaint rates by 18.98%, 9.30%, and
39.62%, respectively. To further validate AdaService’s
effectiveness, we use its outputs to guide the cross-station
courier re-scheduling simulation resulted in a 2.11% im-
provement in on-time delivery rates, while maintaining sta-
ble on-time pick-up and complaints rates.
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