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Abstract. ATM networks remain essential cash-distribution infrastruc-
ture in cash-intensive economies such as Vietnam, where cash still accounts
for most consumer payments. Effective replenishment requires balancing
the opportunity cost of idle capital against the risk of stockouts. We evalu-
ate a forecast-then-optimize framework that integrates modern probabilis-
tic deep learning models with a periodic-review base-stock policy. Thirty
forecasting configurations are benchmarked, including statistical baselines
(SARIMA, Exponential Smoothing, Prophet), tree-based ensembles (Light-
GBM, Random Forest), and global neural architectures (N-BEATS, Tem-
poral Fusion Transformer), using daily withdrawal data from 84 ATMs
over 3.7 years. Performance is assessed not only by forecast accuracy and
calibration, but also by downstream inventory cost under a realistic re-
plenishment policy. Global neural quantile models substantially outper-
form classical alternatives, reducing simulated total cost by roughly half
while maintaining near-perfect calibration and 99% fill rates. Importantly,
forecast accuracy alone proves to be an unreliable indicator of business
outcomes, as models with similar error can yield markedly different costs.
ATM-level heterogeneity further shows that no single model dominates
across all locations, supporting a monitoring-based deployment strategy
that adapts model assignments according to realized cost.

Keywords: ATM cash management - Forecast-then-optimize - Proba-
bilistic forecasting - Base-stock policy - Decision-centric evaluation

1 Introduction

Automated Teller Machine (ATM) networks are central to cash distribution in
cash-intensive_economies. In Vietnam, cash represents about 70% of consumer
transactions [9], making ATM networks primary liquidity channels. Replenish-
ment decisions therefore affect both capital efficiency and service reliability.
ATM cash management can be framed as a stochastic inventory problem with
asymmetric costs, where excess cash creates holding costs and shortages gener-
ate lost transactions as well as reputational or regulatory risks [29]. At scale,



2 H.-T. Phan et al.

overstocking locks up idle capital, whereas understocking increases emergency
cash-in-transit operations [27]. Although this setting resembles a high-service-
level newsvendor problem under multi-period uncertainty, many systems still
rely on static rules that ignore non-stationary demand patterns such as salary
cycles and holiday surges [29].

From a research perspective, ATM cash management lies at the intersec-
tion of two largely parallel streams: demand forecasting, which estimates fu-
ture withdrawals and their uncertainty [[13,18], and replenishment optimization,
which determines refill quantities and schedules to balance cost and service lev-
els [B2,4]. Although both areas are mature, they are rarely integrated in practice.
Probabilistic multi-step forecasts are typically evaluated using statistical accu-
racy measures such as MAE or CRPS [11,20]. However, less attention has been
given to how distributional properties, especially upper-tail calibration, affect
operational costs under fixed inventory policies. As a result, it remains unclear
when improvements in probabilistic calibration lead to economically meaning-
ful gains at a given service level.

We address this gap through an end-to-end forecast-then-optimize frame-
work (Figure [l]). Multiple models generate predictive distributions of ATM with-
drawals, which are then translated into replenishment decisions under a fixed
periodic-review base-stock policy, allowing us to isolate the effect of forecast
quality. Performance is assessed using both time-series metrics and simulated in-
ventory outcomes, including total cost and fill rate. We find that well-calibrated
global neural quantile models reduce replenishment costs relative to classical
benchmarks while maintaining target service levels, and that forecast accuracy
alone does not reliably indicate operational performance.

Our contributions are fivefold. First, we provide a large-scale empirical bench-
mark of 30 forecasting configurations spanning statistical, tree-based, and global
neural models under consistent training regimes. Second, we adopt a decision-
centric evaluation that links forecast distribution quality to downstream inven-
tory cost, revealing systematic gaps between statistical accuracy and operational
performance. Third, we introduce a transparent mapping from predictive quan-
tiles to base-stock decisions, enabling controlled comparisons across model fami-
lies. Fourth, we conduct regime-sensitive analyses across ATMs and peak periods,
including Tet, emphasizing the importance of tail behavior at high service levels.
Finally, we outline deployment implications through a monitoring-based model
selection strategy that adapts per-ATM assignments based on realized cost.

relevant literature. Section B introduces the formal problem formulation and
decision framework. Section { describes the experimental design and operational
setup. Section P presents empirical results and robustness analyses. Section
discusses broader insights and practical implications. Finally, Section [ concludes
and outlines directions for future research.

The remainder of the peger is organized as follows. Section B reviews the
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2 Related Work

ATM demand forecasting has progressed from per-machine statistical methods
to supervised and neural approaches. Early studies rely on ARIMA, SARIMA,
and exponential smoothing [15,23,12]. These models are transparent and easy
to implement, but their largely linear and mildly non-stationary assumptions
limit their ability to capture regime shifts and holiday effects. To address
these limitations, fuzzy and neuro-fuzzy models encode qualitative rules and
can produce prediction intervals, but they require manual design and scale
poorly in large networks [l1].

Machine learning approaches treat ATM forecasting as a regression task
with engineered temporal features, including SVR and tree-based ensembles [[14].
Suder et al. [25] report that XGBoost outperforms classical and several neural
baselines in point-forecast accuracy across 61 ATMs, but their evaluation is
limited to error metrics and does not assess inventory impact. Neural models
such as LSTMs and encoder-decoder architectures have been applied to multi-
week forecasting [2,12,81], typically trained per ATM or cluster and focused on
point predictions. Global models such as N-BEATS [22] and the Temporal Fu-
sion Transformer [[18], as well as clustering strategies [30,23,24], are designed to
improve stability across heterogeneous ATMs. However, most studies still em-
phasize point-forecast accuracy rather than operational outcomes.

Under asymmetric holding and shortage costs, the full predictive distribution
is crucial for inventory control. Ekinci et al. [[7] integrate prediction intervals into
robust replenishment models to reduce stockout risk at modest holding-cost in-
creases. Rafi et al. [23] apply DeepAR without reporting calibration diagnostics,
and Suder et al. [25] use a Bayesian VAR to model regime changes without
evaluating policy-level outcomes.

In parallel, replenishment optimization has been studied using heuristic rules,
mixed-integer linear programming [6], dynamic programming, and robust opti-
mization [19]. These approaches typically treat forecasts as deterministic inputs
and emphasize routing or logistics efficiency [27]. Reinforcement learning has also
been explored in simulation [31], but systematic comparisons with calibrated
probabilistic forecasts under a common economic objective remain scarce.

Overall, three gaps remain. First, modern global neural architectures have
not been systematically benchmarked for ATM demand. Second, probabilistic
forecasts are rarely assessed within a calibrated, decision-focused framework that
links distributional quality to inventory cost. Third, forecasting and replenish-
ment optimization are usually examined separately rather than under controlled
forecast-and-policy comparisons. In addition, the Vietnamese ATM context is
largely underrepresented in existing empirical research.

3 Inventory Control under Uncertainty

Figure m illustrates our forecast-then-optimize framework. Each ATM is mod-
eled as an independent, single-item periodic-review system, where a probabilistic
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Fig. 1: Forecast-then-optimize framework for ATM replenishment: predictive de-
mand distributions are mapped to periodic-review base-stock decisions and eval-
uated through inventory dynamics and total cost.

forecaster generates multi-step demand distributions that are translated into re-
plenishment decisions under a fixed base-stock policy. This separation allows us
to isolate how forecast quality, particularly uncertainty calibration, influences
downstream operational cost.

Stochastic objective. Let A denote the set of ATMs and let H be the planning
horizon (days). For each ATM a € A and each day t € {1,..., H}, we define:

— I, : on-hand inventory (cash available in ATM a at time ¢),

— U, unmet demand (lost withdrawals due to stockout),

— I, € {0,1}: replenishment indicator, where I,; = 1 if a replenishment
occurs and 0 otherwise.

Let Q={Qa::a€ A, t=1,..., H} be the replenishment decisions, where
Qa,+ is the cash delivered to ATM a at time ¢. The cost structure consists of a
per-unit holding cost ¢, for idle cash, a per-unit shortage penalty ¢y for unmet
demand, and a fixed replenishment cost ¢, incurred each time a delivery is made.
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The objective is to minimize expected total cost over the horizon H:

H

inn E, Z Z (erdos+csUap +crlay) | s (1)
acAt=1

where the expectation is taken over the stochastic demand process y [6]. This
setup follows the standard multi-period lost-sales inventory model with fixed or-
dering costs commonly used in ATM replenishment [6,[7]. The ratio p* = Csisch
defines the classical newsvendor critical fractile and implies a target service level
of about 99% in our parameterization [[7]. We use this ratio to guide base-stock

decisions in the multi-period setting.

Inventory dynamics. The system operates under periodic review with review
period R and deterministic lead time L. Let y,: be realized withdrawals on
day t. Inventory evolves as:

Ia,t+1 = maX{Ov Ia,t + Qa,th - ya,t}v

where Qq+— 1 is the order placed L days earlier. We assume a lost-sales model
without backlogging; excess demand is lost and does not carry forward:

Ua,t == IH&X{O, Ya,t — Ia,t}-

Orders satisfy Q4+ > 0 and can be placed only at scheduled review epochs t €
{R,2R,3R,...}.

Probabilistic forecasting. Replenishment decisions require forecasts over the pro-
tection horizon, the period during which new orders cannot influence inventory.
Under periodic review with lead time L, this horizon spans R 4+ L days.

We use a global forecasting model fy to estimate the full conditional predic-
tive distribution of future withdrawals for each ATM. Specifically, for horizon
h =1,...,R+ L, we model:

Ya,t+h ~ Fa,tJrh(' | ft),

where F; denotes the information available at time ¢ (for example, past with-
drawals and covariates), and F, ;1 is the forecast distribution used for prob-
abilistic decision-making [L1,17]. We train models with distributional losses
(for example, quantile loss or CRPS) to obtain calibrated uncertainty for
high-service-level decisions.

Policy mapping. At each review epoch t, we implement a periodic-review base-

stock policy (Figure m) The order-up-to level is set as the p*-quantile of cu-
mulative demand over the protection horizon:

R+L
Ba,t = Qp* <Z Ya,t+i> . (2)
=1
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Table 1: Operational configuration for the ATM replenishment simulation, in-
cluding review timing, cost structure, service-level target, and policy constraints.

Category Parameter Value
Inventory timing Review period R 7 days
Inventory timing Lead time L 3 days
Inventory timing Protection horizon R + L 10 days
Cost parameters  Per-order cost ¢, 2,000,000 VND
Cost parameters  Holding cost ¢ 0.00026
VND/VND-day

Cost parameters  Shortage cost ¢ 0.02574
VND/VND

Policy settings Target service level p* ~99%
Policy settings Capacity constraint Not enforced
Policy settings Dynamic trigger Disabled

Here, Zf:‘lL Yo t44 is total demand over the review period plus lead time, and
Qp-(-) gives the p*-quantile, implying a stockout probability of about 1 — p*.
Given B, ., the replenishment quantity is

Qa,t = maX{O; Ba,t - Pa,t}a

where P, denotes inventory position at time ¢, including on-hand cash and
outstanding replenishment orders that have been placed but not yet received [g].
Because quantiles are not additive [§], computation of B, ; depends on forecast
form: sample-based models use a quantile-of-sum from simulated trajectories,
whereas marginal quantile regressors use a sum-of-quantiles approximation (typ-
ically conservative under positive dependence). We treat ATMs independently,
so costs and decisions are computed separately for each a.

4 Experimental Design and Evaluation Framework

Building on the inventory framework, this section presents the experimental
design used for model evaluation. We fix the replenishment environment and
dataset, then compare statistical, machine learning, and neural models using
both forecasting metrics and simulated inventory outcomes. Policy and cost pa-
rameters are held constant so that observed differences reflect forecast quality
rather than operational setting changes.

4.1 Operational Setup

Table E summarizes the operational configuration used in all experiments. We
evaluate every forecasting model under this fixed setting to isolate the effect
of predictive quality on inventory decisions.
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Table 2: Statistics and filtering criteria for the ATM withdrawal dataset.

Attribute Value
ATMs retained 84 (from 474 candidates)
Observation period 2022-01-01 — 2025-09-30 (1,369 days)
Test horizon H 30 days
Coverage requirement > 90% observed (last 1,050 days)
Maximum missing gap < 10 consecutive days
Data granularity Daily withdrawals (VND totals)

We simulate replenishment in a periodic-review lost-sales system with re-
view period R = 7 days and deterministic lead time L = 3 days, yielding a
protection horizon of R + L = 10 days. Cost parameters are fixed across mod-
els: per-order cost ¢, = 2,000,000 VND, holding cost ¢, = 0.00026 VND per
VND per day, and shortage penalty c; = 0.02574 VND per VND. These values
imply a target service level of p* ~ 99%.

We also standardize policy constraints. We impose no ATM capacity limits
and disable dynamic trigger rules to preserve a pure periodic-review base-stock
policy. Unless otherwise stated, inventory is initialized at the p*-quantile of lead-
time demand to reduce initialization bias.

4.2 Data and Preprocessing

Table a summarizes the dataset and filtering criteria. We use daily ATM with-
drawal totals in VND from a major Vietnamese commercial bank spanning 2022-
01-01 to 2025-09-30 (1,369 days). The unit of analysis is daily withdrawals per
ATM, with all identifiers anonymized and no customer-level data used.

From 474 candidate machines, we retain 84 ATMs under strict data-quality
criteria: a shared observation window, at least 90% coverage over the final 1,050
pre-test days, no missing gap longer than 10 consecutive days, and complete data
over the 30-day test horizon (H = 30). We linearly interpolate short remaining
gaps but preserve extreme events, such as pre-holiday surges, because these
represent genuine tail demand relevant for inventory control.

We apply a deployment-style temporal split consistent with standard time-
series practice [13,3]: the final 30 days form the test set, the preceding 20%
of observations are used for validation, and the remaining history is used for
training. For fairness analysis and clustered model variants, we group ATMs
with HDBSCAN [5,21] on dynamic time warping distances [4] computed from
z-score-normalized histories. This procedure yields three stable demand co-
horts and a set of outliers.
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4.3 Forecasting Models

We evaluate 30 forecasting configurations across three dimensions: architecture
family, uncertainty formulation, and training scope. This design enables con-
trolled comparison of modeling capacity, information sharing, and calibration.

Statistical baselines. We use three transparent local benchmarks: SARIMA with
weekly seasonality, exponential moving average, and Prophet [26]. They provide
interpretable classical reference points for per-ATM forecasting performance.

Tree-based models. We implement LightGBM [16] with a direct multi-step strat-
egy using lagged withdrawals, calendar features, and static ATM attributes. We
also train a quantile variant to produce conditional quantiles. In addition, we
include Random Forest [2§] as a point-forecast baseline. Both models are eval-
uated under local, clustered, and global training schemes.

Neural architectures. We evaluate two neural models. N-BEATS [22] captures
trend and seasonality through residual stacks with basis expansions, while the
Temporal Fusion Transformer [18] combines recurrent layers, attention, and
static embeddings to model cross-ATM heterogeneity. Both architectures are
trained in point and quantile variants under local, clustered, and global settings.

Uncertainty modeling. Quantile variants are trained with pinball loss [[17]. For
neural models, we apply Monte Carlo dropout at inference with 500 stochas-
tic passes to approximate joint demand trajectories [[10]. Light GBM quantile
models produce marginal quantiles such as q01, 50, and q99. All probabilistic
forecasts are translated into replenishment decisions using the common base-
stock policy described in Section

Training protocol. We fix hyperparameters in advance and do not perform au-
tomated tuning. Neural models are trained with Adam, gradient clipping, and
early stopping, while tree-based models use early stopping after 30 to 50 rounds.
All configurations share the same temporal splits and validation ratios to ensure
comparability. Full settings are archived for reproducibility.

Model inputs. Inputs include static ATM identifiers (embedded for neural mod-
els) and calendar features with Vietnamese holidays. Tree-based models addi-
tionally use lagged withdrawals at 1 to 7, 14, 30, 60, and 90 days.

4.4 Evaluation Protocol

Table E summarizes deterministic and probabilistic metrics used to evaluate
predictive performance before forecasts are translated into operational decisions.
Evaluation proceeds in three stages. Each model generates 30-day multi-step
forecasts for all 84 ATMs. We compute metrics per ATM and report mean and
standard deviation. We_then map forecasts to replenishment decisions under the
base-stock policy (Eq. ) and simulate performance over the test horizon.
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Table 3: Evaluation metrics used for deterministic and probabilistic assessment.

Metric Definition Interpretation
Mean Absolute Error 1 H L o T
(MAE) I Z [Ya,t4h — Da,ttnl ower is better
h=1
Weighted Absolute ZH | -
—1 [Ya,t+n — a4 _free error
Percentage Error (WAPE) = . Scale-free error
_ > h=1 [Ya.ttnl
Porcentage Broor (SMAPE) (03~ e —fucual - Srmerc
e H 2 (osrnl + anen)/2  POICOREogE crror

Sealed Brvor (MASE) izl Ziual Sl onp

seasonal naive
ﬁ ZtT:m-H [Ya,t = Ya,t—ml] v
Continuous Ranked oo 5 Full-distribution
Probability Score (CRPS) / (F(z) -y < z})" dz

oo score
Coverage 1 & Empirical
® H Z Wya,t+h < Qa(Fa+n)} quantile coverage
h=1

Deviation from

Calibration error ‘Cova - a‘ ]
nominal coverage

Deterministic accuracy. Point forecasts are evaluated using MAE, SMAPE,
WAPE, and MASE. MASE is scaled relative to a seasonal naive baseline with
m = 7, where values below one indicate improvement.

Probabilistic quality. We assess predictive distributions using CRPS, empiri-
cal quantile coverage, and calibration error. CRPS captures overall distribu-
tion quality, while coverage and calibration measure uncertainty reliability un-
der high service-level targets.

Business performance. Business metrics are the primary criterion. For each
model, we simulate the base-stock policy over the 30-day horizon to compute
total cost, fill rate, and cash utilization. Total cost drives model selection, while
fill rate and cost decomposition explain performance differences.

5 Experiments and Results

We evaluate 30 configurations across 84 ATMs using accuracy, probabilistic, and
business metrics under a fixed base-stock policy. Fleet-level and ATM-level anal-
yses assess performance, calibration, and cost, highlighting both alignment and
divergence between statistical accuracy and operational impact.

5.1 Aggregate Performance

Table H reports aggregate results across 84 ATMs, ranking 30 configurations by
mean total cost alongside deterministic, probabilistic, and business metrics.
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Table 4: Overall model performance across 84 ATMs, sorted by mean total cost.
MAE and Cost are in M VND; SMAPE and WAPE are in %. MASE is rela-
tive to a seasonal naive benchmark (< 1 indicates improvement). QL (scaled
quantile loss) and CRPS are scaled scores. Cov. is quantile coverage (%), Cal.
is calibration error, and Fill is fill rate (%). Arrows indicate optimization direc-
tion ({ lower is better; 1 higher is better). Best values in each column are bold.
Model naming follows Architecture--Type--Scope, where Type is Q (quantile)
or P (point), and Scope is L (local), C (clustered), or G (global). “—” denotes
point-only models.

Deterministic Probabilistic Business

MAE| SMAPE| WAPE| MASE| QL CRPS| Cov.t Cal.] Fillt Costl

TFT-Q-G 46.9 372 355 0.506 0.019 0.127 985 0.019 99.1 16.0
N-BEATS-Q-G 516 404 371 0537 0020 0.34 981 0.023 99.0 161
N-BEATS-Q-C  49.9 39.2 363 0527 0021 031 985 0020 992 16.1
TFT-Q-C 48.8 382 359 0522 0022 0130 988 0018 99.2 169
RF-P-L 58.3 414 416 0577 96.3  17.0
LightGBM-P-L  51.8 30.6 386  0.545 - - - ~ 954 172
LightGBM-P-C ~ 51.0 394 384 0.547 94.1 187
LightGBM-P-G ~ 51.1 391 379 0541 - - - - 938 189
Prophet-Q-L 64.5 425 410 0584 0030 0166 984 0019 99.2  19.1
N-BEATS-P-C 504 392 378  0.533 - - - - 926 193
N-BEATS-P-G 517 30.6 374 0536 - - - - 930 197
TFT-P-G 67.2 513 490  0.691 - - - ~ 900 219
RF-P-C 60.0 424 429 0.602 - - - ~ 04T 220
RF-P-G 59.5 426 433 0.605 - - - - 946 223
LightGBM-Q-C 507 383 364 0524 0022 0097 983 0.021 100.0 234
LightGBM-Q-G  50.2 382 361 0522 0022 0.096 98.1 0.022 100.0 23.6
TFT-P-C 73.7 538 524 0.745 - - - - 7895 239
TFT-Q-L 774 55.0 525 0726 0.055 0253 100.0 0.010 99.9  24.4
LightGBM-Q-L.  50.3 389 374 0537 0022 0100 985 0018 100.0  26.2
N-BEATS-P-L  110.7 702 812 1045 - - - - T 922 266
EMA-P-L 73.6 462 463 0.658 - - - - 886 305
SARIMA-P-L  70.2 474 466  0.665 - - - ~ 861 344
TFT-P-L 1934 1145  147.0  1.908 - - - - 658 512
N-BEATS-Q-L  92.6 60.6 683 0.894 0184 0370 99.9 0.011 100.0 552

Model notation. Model labels follow Architecture--Type--Scope. In the suffix
Type--Scope, P denotes point forecasts and Q denotes quantile forecasts, while L,
C, and G denote local, clustered, and global training, respectively. For example,
P-C is a clustered point model and Q-L is a local quantile model.

A clear hierarchy emerges: a small set of neural quantile models leads. TFT-
Q-G attains the lowest cost (16.0 M VND), followed closely by N-BEATS-Q-G
and N-BEATS-Q-C, combining strong point accuracy, competitive probabilistic
scores, and near-perfect fill rates (approximately 99%).

Classical baselines (for example, SARIMA-P-L and EMA-P-L) rank near the
bottom with higher costs and weaker service levels, while tree-based models form
a middle tier. Compared with SARIMA-P-L (34.4 M VND), the best neural
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Fig.2: Mean cost breakdown per ATM by model (holding, shortage, and replen-
ishment costs).

model reduces cost by more than 50% and raises fill rate from about 86% to
above 99%, indicating a clear operational improvement.

Cost-accuracy misalignment. The results reveal a gap between point accuracy
and business impact. RF-P-L ranks mid-table in MASE but fifth in total cost,
showing that deterministic accuracy alone does not ensure cost efficiency. Like-
wise, strong calibration or coverage by itself is insufficient; effective performance
requires balancing inventory and risk rather than optimizing any single metric.

Figure P decomposes total cost into holding, shortage, and replenishment
components, providing structural insight into the rankings. The leading neural
quantile models display balanced profiles: moderate holding and replenishment
costs with low shortage cost. In contrast, strong point-forecast baselines reduce
holding cost but incur higher shortage cost, indicating weaker protection against
demand uncertainty. Tree-based quantile models (for example, LightGBM-Q-
G) nearly eliminate shortage cost, but at the expense of substantially higher
holding cost, which offsets service gains.

Overall, superior performance stems from calibrated risk allocation across
components rather than minimizing any single cost. The top models effectively
balance inventory and service, achieving high fill rates and low total cost. This
structural evidence reinforces the economic advantage of well-configured proba-
bilistic deep models beyond traditional accuracy metrics.

5.2 Calibration, Efficiency, and Heterogeneity

Figures H and H summarize calibration and the cost—accuracy trade-off across
model families, while Table f and Figure E provide ATM-level comparisons.
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Fig.3: Calibration curves for leading quantile models; the dashed line denotes
perfect calibration (empirical coverage equals target quantile).

Table 5: Per-ATM win-rate analysis (84 ATMs).

Model 1 Model 2 Cost (% win, p) MAE (% win, p)
TFT-Q-G N-BEATS-Q-G  40.5% (0.101) 67.9% (<0.001)
TFT-Q-G TFT-Q-C 65.5% (0.006) 57.1% (0.230)
TFT-Q-G RF-P-L 36.9% (0.021) 78.6% (<0.001)
N-BEATS-Q-G  RF-P-L 44.0% (0.326) 69.0% (<0.001)

In Figure E, we observe near-nominal calibration for the leading quantile
models. TFT-Q-G closely tracks the diagonal across quantiles; Light GBM-Q-
G achieves accurate marginal coverage; N-BEATS-Q-G slightly under-covers
in the middle but remains well calibrated at ¢ = 0.99. At this extreme level,
TFT-Q-G reaches 98.5% coverage, while N-BEATS-Q-G and LightGBM-Q-G
both achieve 98.1%. Yet identical tail coverage does not imply similar cost. De-
spite matching ¢ = 0.99 coverage, N-BEATS-Q-G and LightGBM-Q-G differ
materially in total inventory cost. We attribute this gap to differences in sharp-
ness and cross-ATM dispersion: safety stock depends on upper-tail geometry,
not nominal coverage alone.

We next examine the cost—accuracy frontier (Figure H) Neural quantile mod-
els cluster in the lower-left region of the MASE—cost plane, defining the empirical
efficiency frontier. TFT-Q-G delivers the strongest joint result, combining the
lowest MASE (0.506) with the lowest mean cost (16.0 M VND), with N-BEATS
quantile variants close behind. Tree-based quantile models attain competitive
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MASE but incur higher cost, while statistical baselines remain dominated in
both dimensions. This confirms a divergence between accuracy and cost: similar
MASE values can yield substantially different operational outcomes.

At the ATM-level, we observe pronounced heterogeneity (Table B) Although
TFT-Q-G ranks first in average cost, it is cheaper than N-BEATS-Q-G on only
40.5% of ATMs, with no significant cost dominance, despite a clear MAE ad-
vantage (67.9%, p < 0.001). The dispersion around the equal-cost diagonal in
Figure f indicates that no single model uniformly dominates.

Taken together, we draw three conclusions. First, quantile training moves
neural architectures toward the efficiency frontier. Second, architecture remains
decisive, with neural quantile models leading, tree-based models intermedi-
ate, and statistical baselines lagging. Third, business performance depends
jointly on calibration, sharpness, and heterogeneity. Fleet-level averages mask
substantial cross-ATM variation, and average cost leadership does not im-
ply universal optimality.
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Fig.5: Per-ATM cost comparison of TFT-Q-G and N-BEATS-Q-G across 84
ATMs. Each point represents one ATM. Points below the diagonal indicate
ATMs where N-BEATS-Q-G yields lower cost, while points above the diago-
nal indicate ATMs where TFT-Q-G is cheaper. The broad spread around the
equal-cost line highlights strong ATM-level heterogeneity and confirms that nei-
ther model uniformly dominates across locations.

6 Discussion and Limitations

Our empirical results reveal a structural gap between statistical accuracy and
operational performance under inventory control. Across 30 configurations,
global neural quantile models define the empirical efficiency frontier, delivering
the strongest joint trade-off between point accuracy and total cost. TFT-Q-G
achieves both the lowest MASE and the lowest mean cost, while N-BEATS-Q-G
attains similar cost with slightly weaker central accuracy. These findings indicate
that pooled neural architectures effectively exploit cross-location information to
stabilize distributional forecasts and improve safety-stock decisions.

More broadly, the results clarify the role of uncertainty modeling in inven-
tory systems. Quantile forecasting improves cost efficiency for neural models
in pooled settings by providing actionable upper-tail signals for safety-stock
decisions. However, uncertainty estimation alone is not sufficient. Tree-based
quantile models such as Light GBM-Q-G achieve competitive calibration and
the lowest CRPS, yet incur substantially higher total cost. Nominal coverage
and aggregate probabilistic scores therefore do not directly translate into eco-
nomic efficiency. Operational performance depends on distributional sharpness
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and cross-location heterogeneity, specifically how probability mass is allocated
in the upper tail, rather than on average calibration alone.

A second structural finding concerns heterogeneity. Although TFT-Q-G
achieves the lowest average cost, ATM-level win rates show no universal dom-
inance. Cost advantages vary across locations, and models with weaker point
accuracy can outperform stronger ones in specific regimes. This divergence be-
tween accuracy and cost indicates that model selection for inventory control
should prioritize business outcomes over forecast error alone.

These results motivate an adaptive deployment perspective. Rather than rely-
ing on a single global model, practitioners may monitor ATM-level performance
and periodically reassign among leading candidates. Such an approach preserves
fleet-level robustness while remaining responsive to local demand dynamics.

Limitations. We note several limitations. First, we assume a fixed periodic-
review base-stock policy to isolate the effect of forecasting from decision op-
timization. While this separation clarifies attribution, alternative policies, such
as dynamic or service-level-constrained optimization, could alter relative rank-
ings. Second, we evaluate a single institutional dataset of 84 ATMs. We focus
on this setting to ensure consistent operational constraints and cost parameters;
however, broader geographic, seasonal, or macroeconomic regimes may affect
generalizability. Third, we compute downstream cost under fixed hyperparam-
eters and retraining schedules to maintain comparability across models. More
frequent updates or adaptive safety-stock rules may interact differently with dis-
tributional forecasts and change performance differentials. Finally, we do not
conduct controlled ablations to isolate architectural components such as atten-
tion, gating, or basis expansions. Given the large design space and computational
cost, our analysis remains comparative rather than causal, and architectural in-
terpretations should be viewed as suggestive rather than definitive.

Taken together, the results show that calibrated probabilistic deep models
can materially improve operational efficiency. At the same time, calibration,
point accuracy, and cost remain distinct dimensions that do not align auto-
matically. Bridging these dimensions, especially under heterogeneity and policy
constraints, remains an important direction for future research.

7 Conclusion

We evaluate a forecast-then-optimize framework for ATM cash replenishment
in Vietnam, benchmarking 30 configurations across statistical, tree-based, and
neural models. Three findings emerge. First, global neural quantile models (TFT-
Q-G, N-BEATS-Q-G) deliver the strongest cost—accuracy trade-off, reducing
simulated total cost by roughly half relative to classical baselines while main-
taining 99% fill rates. Second, forecast accuracy and aggregate calibration are
imperfect proxies for business performance: models with strong CRPS can still
incur high cost when upper-tail forecasts are poorly shaped, underscoring the
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need for decision-centric evaluation. Third, pronounced ATM-level heterogene-
ity argues against uniform deployment and supports monitoring-based reassign-
ment based on realized cost.

Several limitations qualify these results. We evaluate a single 30-day holdout
from 84 ATMs of one Vietnamese bank, omit routing and joint replenishment
constraints, and keep policy parameters fixed; rolling-origin tests across broader
settings would strengthen external validity.

Future work will integrate routing and network constraints, jointly optimize
policy and forecasting decisions, test robustness under regime shifts, and validate
across broader cash networks and markets.
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