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Abstract

As a typical problem of Spatiotemporal Resource Manage-
ment, Time Series Supplier Allocation (TSSA) poses a com-
plex NP-hard challenge, aimed at refining future order dis-
patching strategies to satisfy the trade-off between demands
and maximum supply. The Black-Litterman (BL) model,
which comes from financial portfolio management, offers a
new perspective for the TSSA by balancing expected returns
against insufficient supply risks. However, the BL model is
not only constrained by manually constructed perspective
matrices and spatio-temporal market dynamics but also re-
stricted by the absence of supervisory signals and unreliable
supplier data. To solve these limitations, we introduce the pi-
oneering Deep Black-Litterman Model (DBLM) for TSSA,
which innovatively adapts the BL model from financial do-
main to supply chain context. Specifically, DBLM leverages
Spatio-Temporal Graph Neural Networks (STGNNSs) to cap-
ture spatio-temporal dependencies for automatically generat-
ing future perspective matrices. Moreover, a novel Spearman
rank correlation is designed as our DBLM supervise signal to
navigate complex risks and interactions of the supplier. Fi-
nally, DBLM further uses a masking mechanism to counteract
the bias of unreliable data, thus improving precision and re-
liability. Extensive experiments on four datasets demonstrate
significant improvements of DBLM on TSSA.

1 Introduction

As a typical problem of Spatiotemporal Resource Manage-
ment, the goal of Time Series Supplier Allocation (TSSA)
is to reduce discrepancies and boost efficiency by optimiz-
ing supplier capabilities to precisely match order quanti-
ties in the future (Wan, Rao, and Dong 2023; Alikhani,
Torabi, and Altay 2019; Goéren 2018). The TSSA optimiza-
tion involves space and time thus can be seen as a typical
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spatiotemporal resource management problem but is a crit-
ical challenge in enhancing supply chain efficiency due to
its NP-hard complexity (Nasiri et al. 2018; Kawtummachai
and Van Hop 2005). (See Appendix A.l for TSSA related
work). Similar to the equilibrium-return dilemma in finan-
cial management (Markowitz 1952; Treynor 1962; Mossin
1966), TSSA focuses on maximizing profits while mini-
mizing risks, highlighting the importance of supply-demand
alignment in overall performance.

Inspired by the controllable profit variance assumption-
based Markowitz model can optimize asset returns against
portfolio risks (Fabozzi, Markowitz, and Gupta 2015; Stein-
bach 2001; Sharpe 1963), the Black-Litterman (BL) model
integrates subjective investor insights as perspective matri-
ces to enhance portfolio optimization, thus can generate
more accurate portfolios that reflect expert predictions of ex-
pected returns across different investments (Black and Lit-
terman 1991; Xing et al. 2018). However, the application of
the BL model within supply chain management still faces
distinct challenges. The manual creation of perspective ma-
trices introduces uncertainty, struggling to capture real-time
market conditions, and the non-linear complex dynamics of
supplier-enterprise relationships (Kara, Ulucan, and Atici
2019; Islam, Amin, and Wardley 2021). A notable example
of complex relationships is the difficulty in determining a
supplier’s maximum supply capabilities at specific moments
(Alikhani, Torabi, and Altay 2019; Lee 2009), i.e. supplier
A’s capacity at time ¢, in Figure 1.

From a practical standpoint, the quest for effective TSSA
in supply chains marks a promising avenue for research
(Tan, Kannan, and Handfield 1998; Chen, Lin, and Huang
2006). On the scientific front, the challenge extends beyond
merely incrementally applying conventional BL. models. It
involves developing an effective model capable of generat-
ing comprehensive perspective matrices that accurately re-
flect supplier performance and dynamics among the supply-
order gaps. Deep learning (DL) frameworks have emerged
as leading solutions to capture non-linear correlations for
analysis (Chai and Ngai 2020; LeCun, Bengio, and Hinton



2015). However, pioneering within the DL framework still
presents three significant challenges in this specific domain:
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Figure 1: TSSA between enterprise and supplier. Fire de-
notes risk of shortfalls while a prohibition with it signifies
no risk, and a question mark indicates unknown risks.

C1. Spatio-Temporal Dynamics. Supplier capacity exhibits
inherent spatio-temporal dynamics crucial for future alloca-
tion. As depicted in Figure 1, at time ¢;, the allocation of or-
ders and supplies for suppliers A and B within the green rect-
angle shows contrasting trends: an increase for A whereas
a decrease for B compared to their previous levels at time
t;—1 respectively. These temporal trends indicate market-
driven spatial competition and dynamics, which are essen-
tial for modeling future supplier capabilities. Yet, influenced
by changing supplier and market inherence, these dynam-
ics evolve over time, exemplified by A’s diminished supply
capability from ¢;_; to ¢; in the blue rectangle in Figure 1,
highlighting the limitation of existing BL. models to capture
such changing spatio-temporal correlations, thus leading to
inaccuracies in projecting future allocations.
C2. Lack of Supervisory Signals. Training DL models re-
quire robust supervisory signals to navigate gradient towards
the optimal direction to objection (Ren, Guo, and Suther-
land 2022). Yet, crafting these signals for comprehensive
perspective matrices poses a major challenge, as accurate
ground truths are hard and unavailable to establish, and sup-
plementary data like supplier orders fall short in facilitating
model training. Thus, our core focus is on creating appropri-
ate supervisory signals for perspective matrix learning.
C3. Data Unreliability. Data unreliability, influenced by var-
ious factors, is a common issue in supply chain datasets,
leading to biases in DL models, especially towards untraded
or new suppliers with unassessed capabilities (Hao et al.
2022; Brockmann, Elson Kosasih, and Brintrup 2022). This
is evident when supplier data, such as for untraded engaged
suppliers, lacks historical engagement data, making their ca-
pabilities and risks uncertain. For example, as shown in the
red rectangle in Figure 1, the absence of historical orders
for supplier C obscures their supply potential and associated
risks. Hence, integrating unreliable data for spatio-temporal
analysis without a robust mechanism will introduce task-
irrelevant biases, undermining the effectiveness of TSSA.
In light of the aforementioned technical limitations, we
propose a novel Deep Black-Litterman Model (DBLM) to
provide reasonable TSSA in this paper. Specifically, the BL
model is first introduced to derive a historical analytic so-
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Iution for the NP-hard supplier allocation task based on
the profits of suppliers and the perspectives of enterprises.
In DBLM paradigm, the perspective matrix of enterprises
is data-driven instead of handcrafted, i.e., the perspective
matrix in our setting is learned by training a DL to mine
historical supplier capacity and market dynamics. Inspired
by recent spatio-temporal and sequential modeling meth-
ods (Fang et al. 2023; Li et al. 2022b; Jiang et al. 2023b;
Liu et al. 2022), we combine the temporal and graph con-
volution network as the spatio-temporal graph neural net-
works (STGNNS5) to learn the inherent spatio-temporal dy-
namics of historical supplier features and thus derive the
perspective matrix with comprehensive knowledge to solve
C1. Therefore, the future solution of the supplier allocation,
i.e., the goal of our task, can be approximated through the
spatio-temporal information-enhanced historical one. To in-
troduce effective signals to address C2, namely supervising
the learning of future perspective matrices, we introduce a
novel approach via a Spearman correlation coefficient-based
ranking loss. This loss is designed around the negatively cor-
related weights and risks of suppliers, in line with that sup-
pliers bearing lower risk should be awarded a greater propor-
tion of orders. Moreover, we design a masking mechanism
during calculating the ranking loss to mitigate the bias in-
troduced by unreliable data to address C3. Our contributions
are as follows:

To the best of our knowledge, our DBLM is the first initia-
tive to integrate financial investment management strate-
gies with supply chain demand challenges. We advanced
the BL model to the TSSA task, pioneering the exploration
of optimal solutions and modeling the perspective matrix
through a spatio-temporal graph neural network.

We introduce a novel masked ranking loss to guide
DBLM training, which is implemented by Spearman
rank correlation coefficient. Additionally, we implement a
masking mechanism for unengaged suppliers within loss
function to reduce bias from unreliable data.

Our evaluation on four supplier allocation datasets demon-
strates the superior performance of DBLM.

2 Preliminaries

Definition. (Order-Supply Mechanism Data) Consider an
enterprise that consistently requires M volumes of raw ma-
terials, sourced from a set of suppliers denoted as SU =
{SU,,S8Us, - ,SUN}, where N represents the total num-
ber of suppliers. This study examines the historical order de-
mands and supply transactions between the enterprise and its
suppliers over 1" periods. The order volumes are represented
by O € RVXT where O;; specifies the order volume placed
with supplier SU; at time ¢. Similarly, supply volumes are
denoted as S € RV*T | with S;; indicating the supplied vol-
ume. Each unit volume sourced from supplier SU; yields a
constant return of 11;(1; > 0). However, supply volumes are
inherently limited by the corresponding order volumes, i.e.,
YSU; € SU,S;y < Oy;. This constraint leads to a ”Shortage
of Supply” (SoS) dilemma, which significantly impacts the
continuity of production and sales operations. Consequently,



the enterprise is motivated to enhance its allocation strate-
gies to meet the M volume requirement efficiently by per-
fectly matching the supply capacity of each individual sup-
plier and also minimizing SoS risks, by analyzing historical
order and supply patterns across the market.

Definition. (Black-Litter Model for Supplier Allocation)
The supplier allocation challenge is conceptualized as man-
aging a supplier portfolio, aimed at ensuring that the cumu-
lative allocations across all suppliers in the portfolio meet
the enterprise’s total material requirement, M, while simul-
taneously minimizing the risk of SoS. The strategy specifies
the allocation proportion or volume of orders B; designated
to each supplier SU; within the portfolio for a given time
period t. Importantly, these allocations are dynamic, and
subject to adjustments in response to supplier performance,
market conditions, and the changing needs of the enterprise.
As such, the optimization task at any time ¢ aims to:

N N
> Bipi =6 Bi(Oi — Sip)"
=1 =1

max

(D

Profit Item Risk Item

subject to vazl By =M,i=Nt. By >0

where term Zi\il Bit?(Oit — Sit)" quantifies the risk, with
k being a positive integer exponent and § as the coeffi-
cient balancing the profit and risk terms. This formula can
be equivalently transformed, according to Appendix A.3, in
alignment with the BL formula, as:

Wi =S W] (O — 8)" Wy
~—~

max

@

Prol}\t] Item Risk Item )
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where W, is the weight allocation matrix with entry w;; =
Bt /M signifies the proportion of total material volume al-
located to supplier SU; at time ¢. Here we denote diagonal
matrix Xy = (O — S;)", thus the optimist weight allocation
matrix is solved as Wy = (§%) !y, facilitating a strate-
gic balance between maximizing profit, as demand here, and
minimizing risk. However, notice that this optimization can
only based on the existence of O, S, which is unachievable
and not suitable for future projection. As a consequence, we
introduce the DBLM to adjust the parameters ;o (expected
returns) and X (risk estimates) to better align with future
conditions, effectively bridging the forecasting gap. This in-
novative approach allows for the recalibration of historical
insights to forecast future allocation strategies more accu-
rately, thereby enhancing the model’s predictive reliability
and strategic value in uncertain environments.

Definition. (Time Series Supplier Allocation) Given
{O,8,M, 1, N} observed over the historical period from
t — p to t, the objective is to determine an optimal allocation
strategy for the future time interval ¢t + 1 to ¢t + f. The main
goal of TSSA is to optimize the future allocation weights

W* € RVN*f of all N suppliers in future:
(3)

where O is the learned parameters for DBLM. However, this
decision-making process is complicated by the reliance on

Sl Ay
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historical data pertaining only to orders O and supplies S,
alongside the presence of both subjective factors (e.g., the
potential zeroing of order and supply data for non-engaged
suppliers) and objective factors related to suppliers. Thus,
achieving a globally optimal solution is impractical, ren-
dering this an NP-hard problem as proved in (Meena and
Sarmah 2013; Hu et al. 2018; Chauhan et al. 2023).

3 Method

In this section, we elaborate on our innovative DBLM as
in Figure 2. Note that traditional models often struggle to
incorporate the dynamic historical information of the mar-
ket, leading to solutions that are optimized for past con-
ditions but lack predictive power for future scenarios. To
address this limitation, we introduce a data-driven subjec-
tive perspective from the enterprise on market dynamics.
This approach allows for the adjustment of the profit term

@ — [ and the risk term ¥ — S in Section 3.3, facili-
tating the derivation of optimal solutions for future contexts.
More specifically, we integrate traditional BL with advanced
DL techniques by parameterizing the perspective matrix (de-
noted as P) across both spatial and temporal dimensions
through STGNN encoder. Based on BL principle, we obtain
the resulting adjusted solution, denoted as JV*, and then pass
it through Predictor to form future allocation weight matrix

W*. To tackle the challenges (CI: lack of supervisory sig-
nals and C2: data unreliability) mentioned before, we con-
struct a mask ranking loss. Notations are in Appendix A.2.

3.1 Data Preparation

Instead of learning spatio-temporal embeddings solely from
unreliable data, we extract several crucial sequence-based
features of suppliers as inputs in Section 3.1. Moreover, to
capture market dynamics, we construct spatio-temporal in-
teractions, formed by the relationships among suppliers to
satisfy the spatial input requirements of STGNNSs.

Feature Preparation. We construct eight quantitative
supply indicators from order and supply volumes to serve
as the initial features of the suppliers’ capacity and stabil-
ity in Appendix A.4. Then we concatenate the indicators for
SU; at time ¢ into a comprehensive vector f;; € R?® and de-
note Fy = {f1t, for, -+ » fne ) € RYV*8 for all suppliers and
apply normalization to mitigate issues of scalar imbalance.

Dynamic Structure Construction. Furthermore, we con-
struct a dynamic adjacency matrix to encapsulate the evolv-
ing interactions between suppliers. For each time point ¢,
the Cosine similarity between suppliers SU; and SU; is

f 1t'fjt
el F5e 0
the dynamic adjacency matrix A; € RV*N s defined as:
A (i, 7) w, where A; (i, j) signifies the connec-
tion strength between suppliers SU; and SU{; at time . To
minimize the impact of noise connections, redundant edges
with a weight below threshold 0.3 are pruned. Finally, nor-
1 1

computed as: simy(i,j) = Then derivation of

malized adjacency matrix, .,th = ﬁt_zAtﬁt_2 , with ﬁt
as its degree matrix, serves as the feature propagation ma-
trix (Jiang et al. 2024; Liu et al. 2021; Zhong et al. 2020;
Yang et al. 2023; Jiang et al. 2023a; Li et al. 2022a).



|

r prem—
HeHE- The j-th Supplier Time-series Feature E
P Order Volume f?? 71; . f;ﬂ;\l’ IR

1 Supply Volume

| ' History Supply rate
[] Concatenate Vectors|
— Operation Flow

h: h. h:
iy fin

® Ddata Preparation

9 STGNN Encoder

-

S Wiy Wi weight ranked list r‘ISk ranked list
Z ._p_. t+1it+f t+1it+f
I allo risk
I | Allocation =
P } EJ _.n WelghT O O
” " O masking | O
= tanh I. | O O
= We= Linear Q | Spearman |~
| (fﬁt)- e o 1o Loss
z Linear Wt+1-~~Wt+f O @]
0, o | O @
] Allocahon ranking | (O masking | O
B N Weight ~=7-~ 5 ) ®
H w Ny \ J

© Black-Litterman Model @ Masked Ranking Loss

Figure 2: Overall framework of DBLM.

3.2 STGNN Encoder

In this section, we encode the prepared supplier sequence
features {F;_,, - -, F;} and dynamic propagation matrices

A¢—_p.¢ to obtain representations in both spatial and temporal
dimensions. We apply Spatial (Section 3.2) and Temporal
Convolution (Section 3.2) to process these features and ma-
trices, respectively. Such representations directly aid in the
construction of the perspective matrix P (cf. Section 3.3).

Spatial Convolution Layer. The spatial block of DBLM is
applied to enhance supplier correlation learning by leverag-
ing global topological structure. In our implementation, we
choose ChebGCN (Wu et al. 2021a) as Spatial Convolution:
N -
ST (AHTIWD

C

c=1

where ’Hgl) is the representation matrix in [-th layer at time
t with ’H,EO) = JFy; the Chebyshev polynomial T (X) =
2XT. 1(X) — Te_o(X) is used to approximate the con-
volution operation, with boundary conditions To(X) = I
and T1(X) = X; Wgé) is the learnable spatial convolu-
tional kernel in layer [, added to control how each node
transforms the received information; o(-) is the nonlinear
activation function (e.g. ReLU).

“

Temporal Convolution Layer. The temporal block lever-
ages the TCN to discern temporal trends from time-sequence
features. Highlighted by (Wu et al. 2021b; Zhuang et al.
2022), TCNs offer significant improvements over RNNs due
to the ability to process input sequences of variable lengths,
enhancing adaptability across different temporal scales. The
general idea of TCNs lies in utilizing a shared gated 1D con-
volution of width wj in the [-th layer, facilitating the trans-
mission of information from w; adjacent time steps. As per
Lea et al. (2017), each TCN layer H; receives the signals
from the previous layer H;_ as:

el = (W50 +10) )

where St(l) is the representation matrix in [-th layer at time ¢
initialized with £*) = F; W

the [-th layer, * is the shared convolutlon operation, and b[(e
stands for the learnable bias.

1s the convolution filter for
)
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3.3 Black-Litterman Predictor
After acquiring the spatial and temporal embeddings

Hgl), St(l) for each supplier, we need to base on the BL
model to get the Perspective Matrix P and the Error Covari-
ance Matrix €2, which are critically important in our method
and are detailed in the Appendix A.5. We employ a spatial-
temporal fusion layer to derive P and €2 in Section 3.3.
Thus, we can bridge the gap and reconcile the historical data
with future expectations by adjusting the parameters j and
> with enriched spatio-temporal information. Consequently,
we leverage P to solve and project the BL solution onto the

future allocation matrix W*, detailed in Section 3.3.

Spatio-Temporal Fusion Layer.

rank tensors ’H(l) Et( ), we apply an attention mecha-
nism (Fang et al 2023) to fuse spatial and temporal
representations, aiming to capture the complicated dy-
namics of supplier interactions. Achieved through the
weighted attention-based low-tensor multiplication ap-
proach, P learns essential aspects of both spatial and tempo-
ral dimensions (Veli¢kovi¢ et al. 2018; Zhang et al. 2024):

Upon deriving the low-

ei]"t = LeakyReLU(c_iT I:Watm [H’Li)’ g](i } + ba[m] )7
N
Qijt = eXp(eij,t)/Z exp(€ik,t) (6)
k=1
P = tanh( Z Oéij7tAt(Z',j)[Hl? x E: l)]),

Ay (i,5)>0

where «;;; is the spatio-temporal attention between SU;
and SU; at time t. Wy, baun, @ are learnable matrices.

However, it is noted that A and & are not full-rank ma-
trices, resulting in P also being non-full-rank (cf. Appendix
A.11). Thus, due to data reliability, 3 is also non-full-rank
due to zero-risk non-engaged suppliers, leading to tradi-
tional computation of {2, falls into non-full-rank, hindering
the calculation of (PTXPT +)~! in BL model, as detailed
in Appendix A.12. To circumvent this dilemma, we adopt a
calibration that incorporates the non-linear Sigmoid function
and utilizes deep trainable matrices to refine and enhance the
learning process of (2, as detailed in Appendix A.12. After
sigmoid calibration, the €2, is learned by:

Q; = diag(c(WomP: 2P + bom)), (7)



where Wy, bon are the learnable matrices. After applying
diag(-) and o(-), Q; transfers to a full-rank matrix. Addi-
tionally, to further enhance the capability to capture and in-
tegrate spatio-temporal dynamics, we employ a multi-head
mechanism for learning Py, €);.

Black-Litterman Solver. The BL Model is enhanced by
incorporating the perspective matrix P and error covari-
ance matrix {) from enterprise to adjust the return vector
1 to fi and risk vector ¥ to X, as detailed in Appendix
A.5. Given the equilibrium supplier profits II normalized
from p via Appendix A.S5, and perspective return vector
Q =P x u+ N(0,9Q), we adjust the profit and risk compo-
nents:

fir = Iy + 75 Pl (PSPl 4+ Q1) ~

S =

Y(Q; — PILL),
(14+7)(Z 4 €el) — 7(2 + )P

x (PrSPE+Q,) Py,
where 7 is the hyper-parameter that regulates the impact of
enterprise’s perspective P; on adjustments. Moreover, we
also make regularization calibration by adding el to solve
incalculaton of ! due to the non-full-rank problem caused
by data unreliability (cf. Appendix A.13). By integrating
11, 2 into the profit and risk components, the solution:

W) = (6% i, ©)
where W, denotes the history optimal allocation strategy,
ensuring > W, = 1. However, it is still struggling to adapt
this historically optimal BL solution to align with future pro-
jections. Since future optimal allocation exhibits intricate
relationship gaps with WW;. Consequently, for mapping the
optimal allocation into future intervals (Chen et al. 2023;
Zhang et al. 2022), a non-linear transformation is applied on
the combination of previous allocations {W;"_,--- , Wj'}:

WouWi_p:t + bou), (10)

where Wy, boy are learnable matrices. Softmax(+) is ap-
plied time-wisely, to ensure the sum of allocation weights
normalized to 1.

®)

b 1.4+ ¢ = Softmax(

3.4 Loss Function

Due to the challenges posed by C1: lack of supervisory sig-
nals and C3: data unreliability, traditional loss functions
like Mean Squared Error (MSE) (Wang and Bovik 2009)
and Cross-Entropy (CE) (De Boer et al. 2005) tend to un-
derperform. Consequently, we introduce a novel mask rank-
ing loss crafted-carefully to address the two challenges. We
denote the risk list (O; — S;)" as risk ranked list ry in

ascending order and predicted allocation weight Wt* as al-
location ranked list r;, in descending order. The two lists
are converted to sequences of ranks, where rf indicates the
rank of the i-th item at time ¢. Then, the two ranks are lever-
aged to compute the negative part of the Spearman correla-
tion coefficient (Mitra and Zhang 2014) as supervised loss
L. By minimizing £, we can optimize the monotonic trend
between two ranked sequences to address C1:

Tirain t+f 6ZN ‘S‘ )2

mm[l— Z Z 1)

tO]t

_d
z risk i,allo

+nlle]?, d1)
- 18?2 -

—1S;D(
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where N — |S;| indicates we only calculate the gradients
where S;; # 0 to solve C3. Weight decay regularization
[|©]|? weighted by 7 is applied to mitigate overfitting. In the
implementation, we adopt a masking mechanism, and due to
the loss of gradient information after ranking, we utilize soft
rank as suggested by (Blondel et al. 2021). Training com-
plexity and algorithm in Appendix A.6 A.7.

4 Experiments

In this section, we explore the efficacy of DBLM in op-
timizing allocation task for time-series suppliers on four
benchmark datasets '. We aim to address the following re-
search questions: (1)RQ1: How does DBLM compare with
SOTA methods in optimizing allocation SoS risk for time-
series suppliers? (2)RQ2: What contributions do the key
components of DBLM make to improving supplier alloca-
tion outcomes? (3)RQ3: Can the learned perspective ma-
trix through STGNNs enhance the optimization of allocation
risk? (4)RQ4: How does DBLM’s performance vary with ad-
justments to the risk coefficient § and reweight coefficient n?
In addition, we also conduct a robustness analysis in Ap-
pendix A.8 and hyper-parameter study in Appendix A.9.

4.1 Experiment Setup

Datasets. We evaluate DBLM on four supply chain
datasets to optimize Time Series Supplier Allocation
(TSSA), namely MCM and SZ, to ensure comprehensive val-
idation. The MCM dataset comprises supply and order data
from 401 suppliers over 240 weeks, and the SZ dataset in-
cludes data from 218 suppliers across 2 years (731 days).
Compared Methods. We benchmark DBLM against 14
methods across the MCM-TSSA and SZ-TSSA datasets:

Basic Algorithms: HA (Guo et al. 2019) and MC (Puvska
and Stojanovic 2022).

Decision-making Algorithms: Greedy (Zhao et al.
2023), DP (Kuroiwa and Beck 2023), Fuzzy-
AHP (Rezaei et al. 2020), Fuzzy-TOPSIS (Hasan
et al. 2020) and Markowitz (Way et al. 2018).

Machine Learning Methods: DT (Bowser-Chao and
Dzialo 1993), Lasso (Tibshirani 1996), MLP (Rosenblatt
1963), ECM (Xing et al. 2018), SGOMSM (Hui et al.
2023) and AGA (Li et al. 2021).

Basic and decision-making algorithms aim at identifying
historically risk-optimal portfolios, whereas the machine
learning methods, including DBLM, utilize predictive ana-
Iytics to assemble portfolios optimized for future allocation
risks. Implementation details are in Appendix A.14.

Evaluation Metrics. Given the challenges highlighted in
(3 regarding the unreliability of predicted ground-truth allo-
cation data, traditional evaluation metrics such as MAE and
RMSE are deemed less suitable for our context. Therefore,
we opt for two alternative evaluation metrics, Hit Ratio@K
(HR@K) and Mask Risk Expect (MRE), to more accu-
rately and fairly evaluate the model’s performance. Details

'Source codes and appendix are openly accessible at
https://github.com/QiuFengqing/DBLM.



Method Dataset MCM-TSSA SZ-TSSA
Metric HR@10 HR@20 HR@50 MRE HR@10 HR@20 HR@50 MRE
HA 0.0454+0.087 0.12540.058 0.2684-0.049 0.96840.092 | 0.039+0.086 0.10440.117 0.2304-0.099 0.92940.087
MC 0.0534+0.096 0.148+0.072 0.2764+0.087 0.92440.053 | 0.05940.147 0.141+£0.152 0.2454+0.104 0.859+0.057
7 7 Greedy ~  [0.078%0.050 0.166£0.061 0.307+0.044 0.90240.108 | 0.0724£0.088 0.154:£0.120 0.349+0.109 0.995+0.149
DP 0.0754£0.082 0.15540.070 0.30340.053 0.93040.124 | 0.069+£0.075 0.13740.096 0.34640.142 0.94240.155
Fuzzy-AHP 0.204+0.197 0.2414+0.132 0.3114+0.155 0.8974+0.162 | 0.169+0.098 0.21740.133 0.3064+-0.129 0.7424+0.140
Fuzzy-TOPSIS 0.104+0.128 0.18740.140 0.23340.165 0.88740.143 | 0.095+0.087 0.12740.094 0.14940.138 0.93940.143
Baselines Markowitz 0.13940.170 0.227+0.158 0.3094+0.106 0.9974+0.191 | 0.11840.149 0.154+0.110 0.28940.128 0.844+0.185
T 7 7 DT T 7 [0.040%£0.492 0.098%0.524 0.204+0.460 0.97440.680 | 0.038+0.612 0.106+£0.598 0.206+0.720 0.9774+0.749
Lasso 0.0664+0.544 0.137+£0.670 0.2964+0.399 0.87240.721 | 0.0614+0.482 0.161£0.670 0.35040.648 0.736+0.725
MLP 0.19940.344 0.24540.287 0.33140.225 0.9734+0.339 | 0.1824+0.291 0.2464-0.348 0.38240.306 0.55640.320
ECM 0.27240.282 0.2894-0.299 0.3484-0.310 0.64140.407 | 0.253+0.238 0.2904-0.288 0.41240.271 0.4934+0.377
SGOMSM 0.26340.397 0.311£0.403 0.32740.454 0.84440.429 | 0.2044-0.140 0.282+0.198 0.36940.245 0.671£0.298
AGA 0.15840.237 0.2064+0.228 0.310+£0.296 0.77240.357 | 0.180+£0.205 0.24240.167 0.374£0.152 0.62940.261
" Ours’ T DBLM | 0.403+0.284 0.449+0.293 0.487+0.356 0.51840.292 | 0.481+£0.158 0.543-£0.187 0.662--0.182 0.32740.323
DBLM(w/0 BL) 0.1544-0.488 0.238+0.462 0.3474+0.529 0.820+0.442|0.1124+0.658 0.148+0.495 0.3254+0.431 0.729+0.480
DBLM (w/o STGNN) | 0.3064+0.280 0.348+0.305 0.37740.340 0.85240.319 | 0.27440.144 0.309+0.195 0.42040.170 0.438+0.266
DBLM (w/o TCN) 0.3144+0.277 0.3704+0.284 0.393+0.342 0.6484+0.320 | 0.293+0.109 0.3414+0.132 0.448+0.240 0.361+0.258
Ablation DBLM (w/o DGCN) |[0.3234+0.211 0.419+0.277 0.43140.330 0.71940.376 | 0.3404-0.172 0.4424+0.249 0.4734+0.150 0.37740.342
DBLM (w/o Fusion) | 0.37940.299 0.4204+0.311 0.453+0.328 0.58840.347 | 0.364+0.455 0.4254-0.298 0.588+0.211 0.36740.243
DBLM (w/o Mask) 0.3764+£0.280 0.39040.246 0.42640.359 0.62640.341 | 0.3494+0.240 0.4264-0.328 0.53940.331 0.42740.397
DBLM (w/o Rank Loss) | 0.2904-0.279 0.317+0.194 0.33540.243 0.6924+0.287 | 0.30740.198 0.373+0.276 0.5014+0.453 0.486+0.493

Table 1: Performance comparison on MCM and SZ. The best

of evaluation matrics can be referred to Appendix A.10. In
our implementation, we select HR@ 10, HR @20, HR @50,
and MRE as the key metrics for evaluation.

Reproducibility. To ensure reproducibility, we optimize
the parameters of baseline models using the Adam Opti-
mizer with Lo regularization and a dropout rate of 0.2.
The sequence length for both input and forecasting is set
to p = f = 4. For the DBLM model and baselines incor-
porating GNNs and TCNs, we utilize three layers with 150
hidden units each. For the DBLM model specifically, we set
T =3, =0.6,7 = 1le™* and kK = 2, with the number of
attention heads at 3 and a soft rank regularization strength of
0.5. An early-stopping strategy with a patience of 10 epochs
is employed to mitigate overfitting. The dataset is divided
into 70% training, 10% validation, and 20% testing portions.
Implementations are done using the PyTorch 1.9.0 in Python
3.8 on NVIDIA Tesla V100 GPU. ECM, SGOMSM, and
AGA are implemented using author-provided source codes,
and other baselines are all implemented by ourselves.

4.2 Result Analysis

Main Results (RQ1) We conduct experiments and re-
port performance on MCM and SZ datasets in Table 3.
From the reported HR@K and MRE, we find the follow-
ing observations: (1) Comparison with Traditional Meth-
ods. Decision-making algorithms (Greedy, DP, Fuzzy-AHP,
Fuzzy-TOPSIS, Markowitz) demonstrate superior perfor-
mance over basic approaches (HA, MC) in terms of HR@K
and MRE. This indicates that utilizing historical data can
enhance future risk allocation strategies to some extent.
However, these algorithms are considerably less effective
than machine learning models, underscoring the critical im-
portance of leveraging predictive analytics for addressing
the TSSA challenge C1I. This highlights the limitations of

11875

is in red, and the second is in green in baselines,

in ablations.

decision-making and basic methods, which rely solely on
historical data. While DT, Lasso, MLP, and AGA attempt to
capture temporal dependencies, their failure to adequately
address the complex spatio-temporal interplay results in sub-
optimal outcomes, which can not reveal the variance in the
supplier market. ECM and SGOMSM, optimized for alloca-
tion tasks and utilizing STGNN:S, significantly outperform
other baselines but falter in managing data unreliability,
treating unknown or unordered suppliers as zero or no risk,
which severely includes bias and undermines their efficacy
in pinpointing high-risk entities. In contrast, DBLM lever-
ages a Mask Rank Loss to deal with data unreliability and
incorporates a perspective matrix that spans both spatial and
temporal dimensions, offering a more nuanced understand-
ing of market dynamics, and surpassing all baselines. (2)
Consistent Performance Superiority. DBLM consistently
outperforms all baselines, with improvements ranging from
19.2% to 48.2% on the MCM dataset and 33.7% to 90.1%
on the SZ dataset. Notably, the model’s performance excels
at higher HR @K values, especially for larger K values, such
as HR@50. For instance, DBLM secures an impressive hit
ratio of 48.7% on MCM and 66.2% on SZ, emphatically
demonstrating the superiority of utilizing STGNNs to ad-
dress the TSSA issue. This capability significantly empow-
ers decision-makers to sidestep high-risk suppliers, offering
critical insights from both market and temporal perspectives.

Ablation Study (RQ2) We perform ablation studies to
evaluate the impact of each component within DBLM, sum-
marized in Table 1, with seven variants as detailed in Ap-
pendix A.10. It reveals that each component makes a pos-
itive contribution to DBLM’s overall performance. Notably,
the removal of the BL results in the most pronounced perfor-
mance degradation. This underlines BL’s vital role in mod-
eling the perspective matrix within DBLM. Furthermore, the
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Figure 3: Risk Matrix (Left) composed of the top and bot-
tom 9 suppliers in ascending sort, with corresponding Allo-
cation Weight (Right) and Perspective Matrix (Middle).

absence of STGNN, TCN, or DGCN modules illustrates the
necessity of capturing spatio-temporal dependencies to ef-
fectively tackle TSSA challenge, in line with C1. Notably,
the removal of DGCN has a slightly less detrimental effect
than the absence of TCN module, emphasizing critical im-
portance of temporal dynamics in the TSSA task. Moreover,
the variant without Rank Loss exhibits the second-largest
decrease in performance metrics such as HR@K and MRE,
following the variant without BL. This indicates the lack of
supervisory signals, C2, significantly impairs the model’s ef-
fectiveness, highlighting critical role of adopting appropriate
loss functions. This rationale similarly applies to w/o Mask,
providing a profound understanding of the contributions of
Mask Mechanism to address C3.

Case Study (RQ3) We visualize allocation weights W
and explain the learned perspective matrix P from the initial
time horizon of the test set. Indeed, we concentrate on distin-
guishing between the top and bottom 9 suppliers ranked by
ground-truth risk, after initially filtering our unreliable data.
We categorize suppliers numbered 0-8 as those embodying
the lowest risk (top 9) and suppliers numbered 9-17 as those
representing the highest risk (bottom 9), arranging them in
ascending order from the lowest to highest risk values. Sub-
sequently, we correlate each supplier with their respective
allocation weight referencing their risk rank. The illustra-
tions in Figure 3, its left and right subgraphs—demonstrate
that the allocation weight percentages with the lowest risk,
conspicuously exceed those for the higher-risk suppliers,
with values nearing 1%. This observation is in line with
our theoretical assertion that suppliers bearing lower risk
should be awarded a greater proportion of orders. More-
over, we analyze the relative perspective from the decision-
maker of the top and bottom 9 suppliers based on risk rank-
ing, which is in the middle of Figure 3. Within this matrix,
lighter shades of P;; indicate supplier SU; enjoys higher
competitiveness compared to SUf;, whereas darker shades
signal lower competitiveness to SU ;. Observations from the
matrix reveal that shading near upper-left and lower-right
corners, tends towards values close to 0, indicating that the

anjep
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Dataset | SLD-TSSA | BSS-TSSA

Model | HR@10 HR@20 HR@50 | HR@10 HR@20 HR@50
Greedy 0.154 0.307 0.427 0.022 0.049 0.104

AGA 0.145 0.292 0.438 0.040 0.056 0.110

MLP 0.130 0.284 0.411 0.018 0.049 0.104
SGOMSM | 0.127 0.336 0.435 0.038 0.056 0.094

ECM 0.127 0.278 0.401 0.033 0.057 0.108
DBLM 0.315 0.464 0.553 0.043 0.065 0.112

Table 2: Performance comparison on Traffic Management
Datasets SLD and BSS.

differences within each group (top or bottom 9 suppliers)
are considerably less pronounced than those between two
groups. Whereas, lighter shades are predominantly in upper-
left quadrant and darker shades in lower-right, suggesting
that top 9 suppliers, by their nature, are superior and more
competitive than the bottom 9, which coincidentally corre-
sponds to high-risk and low-risk ones. The insightful com-
parison within P provides empirical validation for our the-
oretical proposition that suppliers with lower risk are inher-
ently more competitive in the market.

Generalization Study in Traffic Domain To demonstrate
the generalizability and effectiveness of our DBLM, we ex-
tend our experimentation to the traffic management domain.
Specifically, for any given spatial segment (zone or station),
the actual inflow and outflow within any specific time inter-
val remains stochastic and unpredictable, which establishes
a strong analogy to the TSSA problem. We model the vehi-
cle inflow during specified time intervals as the enterprise’s
order quantity, while the vehicle outflow represents the sup-
plier’s supply quantity. We use the SLD dataset (Zhuang
etal. 2022) (67 zones, 3-month duration, with 5-minute time
intervals) and the BSS dataset (Gao, Chen, and Haworth
2023) (797 stations, 10,207,268 trips, and over 3 years of
data with 15-minute time intervals) for the generalization ex-
periment. From the above Table 2, DBLM demonstrates su-
perior performance on the two datasets, showcasing strong
generalization capabilities across different spatial-temporal
resolutions and scenarios.

5 Conclusions

DBLM makes a significant advancement in spatiotemporal
resource management of time series supplier allocation. By
integrating BL model with the innovative perspective ma-
trix, we successfully transform this complex issue into a
manageable risk optimization problem, capturing both tem-
poral and spatial information in market dynamics. The im-
plementation of STGNNs of supplier relationship has no-
tably streamlined the process, offering a more profound un-
derstanding of supplier inter-dependencies. The introduction
of masked ranking mechanism, designed to address the lack
of supervisory signals and unreliable issues, has further re-
fined our approach, leading to more efficient supplier rank-
ing and decision-making processes. Tested on four datasets,
DBLM demonstrates superior performance over the tradi-
tional models and sets a new benchmark.
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