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Abstract. Forecasting studies routinely read lower prediction error as operational value. For service capacity planning

that inference is unsafe: the cost-minimising commitment is a demand quantile whose level is the target service level,

so a median forecast silently commits an operator to a 50% target. We test this over 263 New York City zones and 39.0

million taxi trips from two services with contrasting demand geographies. Spatio-temporal graph networks, a multi-

relational graph-attention model and Graph WaveNet, are trained on seasonal residuals with a monotone quantile

head under a pinball objective, then calibrated by split conformalised quantile regression on a later held-out block.

The same forecasts feed two decisions that consume different functionals: newsvendor capacity commitment under a

9:1 underage-to-overage penalty, which needs a calibrated tail quantile, and top-K zone selection, which needs only

a ranking. Evaluation uses chronological splits, multiple seeds and Diebold–Mariano tests. The two decisions give

opposite answers. Committing the calibrated 0.9 quantile instead of the median lowers capacity cost by 42–51% and

raises the achieved fill rate from 94.9% to 98.9% on one service and from 86.8% to 97.4% on the other, because the median

is mis-specified for an asymmetric penalty rather than inaccurate; zone selection improves by under 0.15 percentage

points over a weekly historical average. The lowest-error model is not the least costly, no architecture ranks stably

across the two regimes, and no hand-designed graph relation replicates. The calibration layer transfers unchanged

between backbones and reproduces 40–54% cost reductions on external taxi, parcel, food-delivery and courier corpora.

The appropriate unit of evaluation is the forecast–decision pair.

1. Introduction

Urban demand forecasts are routinely justified by operational narratives: pre-positioning vehi-

cles, assigning couriers, committing capacity, or choosing areas to serve. Yet the empirical evidence
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is usually a table of MAE or RMSE. This creates a gap between what a model optimises and what

an operator ultimately uses. A lower average point error need not improve a decision when the

decision depends on a tail quantile, a ranking, or another functional of the predictive distribution.

The principle behind that statement is not new. Gneiting [23] showed that comparing point fore-

casts by an error measure can lead to badly misguided inferences unless the scoring function and

the forecasting task are matched, and that a point forecast is well posed only relative to a scoring

function fixed in advance, or equivalently to a directive naming the functional to be reported —

the mean, a quantile, or another summary of the predictive distribution. What is missing in this

domain is not the principle but a measurement: how large the effect is once realised operating cost

is computed, and whether it is large for every decision or only for some.

This distinction is especially important in last-mile systems. Committing too little capacity

can leave demand unserved, while committing too much creates idle resources. The resulting

asymmetric loss is minimised by a conditional quantile, not by a conditional mean or median. By

contrast, selecting a fixed number of zones before routing mostly depends on their ordering. A

forecast may therefore be valuable for one decision and nearly irrelevant for another even when

both decisions use the same zones, hours, and realised demand.

The forecasting literature has developed increasingly sophisticated spatial models. Taxi-demand

studies combine temporal, local-spatial, and semantic views [1], while multi-graph models encode

several non-Euclidean relations between regions [2]. Traffic forecasting has similarly progressed

through STGCN [3], DCRNN [4], and Graph WaveNet [5]. These architectures answer an impor-

tant representation question, but their predictive gains do not by themselves establish decision

value. Predict-then-optimise research makes the complementary point that a prediction loss can

be misaligned with a downstream objective [6]. We bring these literatures together through a

deliberately simple question: what does each decision actually consume from a forecast?
We answer this question on two public NYC taxi services. Yellow and green taxis use the

same 263-zone geography and the same evaluation period, but green taxis are restricted in where

they may accept street hails in Manhattan [7]. Their spatial demand distributions are therefore

sufficiently different to test whether a finding replicates across demand regimes without changing

the graph support.

The paper contributes on three fronts. The first is a measurement. That a point forecast is

optimal only for the functional its scoring function is matched to is Gneiting’s principle [23];

what has not been established for this domain is how large the effect is in realised operating

cost, or whether it is large for every decision. We evaluate identical forecast series in two last-

mile decisions that consume different functionals — a 0.9 conditional quantile for service capacity

commitment, a ranking for zone selection — and obtain opposite conclusions. Decision-aligned

quantiles reduce asymmetric cost by 42–51% and raise the achieved fill rate by up to 10.6 percentage

points, whereas learned forecasts improve zone selection by under 0.15 percentage points over a

week-hour historical average. The capacity effect replicates on both demand regimes and on all
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five external corpora, and the zone-selection null replicates on both regimes. The model with the

lowest error is not the model with the lowest cost.

The second concerns what actually transfers between settings, and it is the decision layer rather

than the architecture. A monotone quantile head with conformal calibration moves unchanged

from a multi-relational GAT to Graph WaveNet, reaching nominal 80% coverage on two demand

regimes and two backbones without retuning. Architectural rankings, by contrast, are unstable

across regimes, and no hand-designed graph relation produces a replicable accuracy benefit.

The third is external validation of the mechanism together with an explicit account of its limits.

Evidence spans a second city (Porto), real parcel order arrivals (Olist), real routing objects with

measured vehicle capacity (Amazon), a same-order dispatch-to-delivery record (Meituan), a 184-

day parcel history (Cainiao-LaDe), and an execution-noise bound from 19,647 observed driver

routes. Section 7.9 sets out, as an auditable source matrix, why no public source combines order

creation, physical capacity, and continuous route traces in one record.

Two of these findings are negative, and they are reported because they change the paper’s

conclusion rather than despite doing so: sophisticated forecasts add almost nothing to zone

selection, and relation-level attention assigns its largest weight to the relation ablation finds least

useful. The central claim is not that one network wins. It is that forecast value is a property of the

forecast–decision pair.

2. RelatedWork

2.1. Urban demand and spatio-temporal graph forecasting. Deep demand forecasting methods

seek to represent temporal periodicity and spatial interaction jointly. DMVST-Net combines tem-

poral, spatial, and semantic views for taxi demand [1]. ST-MGCN encodes several region-to-region

graphs for ride-hailing demand [2], motivating our test of geographic, road-network, and origin–

destination relations. In traffic forecasting, STGCN uses graph and temporal convolutions [3],

DCRNN models propagation as diffusion over a directed graph [4], and Graph WaveNet learns

an adaptive adjacency matrix together with dilated temporal convolutions [5]. Later work pushes

the learned-adjacency idea further: MTGNN extracts relations among the series from the data

itself [24], and AGCRN argues that node-specific parameter learning makes a pre-defined graph

avoidable altogether [25]. Other designs model spatial and temporal dependence synchronously

rather than in separate components [26], and grid-based residual convolutions forecast citywide

crowd inflow and outflow without a graph at all [27]. Graph Attention Networks provide a

general mechanism for learned neighbour weighting [8], although the attention they compute is

static in the sense that the ranking of attention scores does not depend on the query node [28].

Our remaining graph baselines, spectral graph convolution [29] and inductive neighbourhood

aggregation [30], were developed for node classification rather than for forecasting.

Most of this literature selects models using predictive metrics, as does demand forecasting

more broadly: the M5 accuracy competition ranked submitted point forecasts of a large retailer’s
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hierarchical unit sales [31], and the choice among error measures is a studied question in its own

right [32]. Two limits on what such a comparison can settle matter here. Small gaps between neural

models can be produced by the random seed alone, as has been documented for sequence tagging,

where comparing score distributions over repeated runs is proposed in place of single scores [33];

the wider case for improved reporting of experimental results is made in [34]. And an error

measure answers a question about error, not about a decision. We instead treat the architecture

as one layer in a larger decision-support pipeline. This changes the relevant comparison: a small

MAE difference matters only if it changes the functional consumed by the operational decision.

2.2. Probabilistic and conformal forecasting. Quantile regression directly estimates conditional

distributional functionals and is trained with the pinball loss [9], the asymmetric piecewise-linear

scoring function whose optimal point forecast is the corresponding quantile [23]. Deep forecast-

ers return predictive distributions rather than single values: DeepAR trains an autoregressive

recurrent network across many related series and estimates the series’ future probability distri-

bution [35]. Attention-based architectures address the same multi-horizon setting, the Temporal

Fusion Transformer using recurrent layers for local processing and self-attention for long-term de-

pendencies [36]. Probabilistic forecasts of this kind are assessed with proper scoring rules, under

which the forecaster maximises its expected score by issuing its actual predictive distribution [37].

Because neural quantiles can under-cover, conformalised quantile regression (CQR) uses held-out

nonconformity scores to widen an estimated interval [10]. Under exchangeability, CQR provides

finite-sample marginal coverage, inheriting the guarantee that split conformal prediction supplies

for regression [38]. Hourly demand is temporally dependent, so we do not invoke that guarantee

unconditionally; instead, we use a later contiguous calibration block and report realised coverage

on a strictly later test block. Adaptive conformal methods retain a target coverage frequency when

the data-generating distribution drifts and exchangeability fails [39]; we do not use them here. The

distinction between formal exchangeable coverage and empirical time-series coverage is retained

throughout.

2.3. Prediction for downstream decisions. Smart predict-then-optimise formalises the mismatch

between minimising prediction error and minimising the cost induced by a prediction [6].

Decision-focused learning extends this principle by training through or around a downstream

optimiser: Donti et al. learn probabilistic models end to end against the task objective of the

stochastic program they feed, one of which is a classical inventory stock problem [40]. A related

line removes the intermediate forecast altogether, prescribing decisions directly from historical

observations and associated auxiliary quantities [41], or solving the newsvendor problem as a

feature-based ordering rule rather than as a demand estimate [42]. Our goal is narrower and di-

agnostic: we do not differentiate through routing or capacity allocation, and we keep the forecast

explicit, so that one forecast series can be read by two decisions that consume different function-

als. We identify the functional each decision consumes, train that functional where needed, and

evaluate realised decision cost.
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For capacity commitment, the classical newsvendor result gives a particularly clean link: the

optimal decision is the critical-ratio quantile. For fixed-cardinality zone selection, only the ordering

of predictions determines the chosen set. The two tasks therefore expose different forms of forecast

value without changing the underlying test observations.

Work on last-mile operations has developed mainly on the optimisation side of this boundary.

Surveys catalogue delivery concepts together with the decision problems each one raises [43] and

trace three decades of dynamic vehicle routing [44], while network-design studies size facilities

and fleets for urban logistics [45] and examine the value of physical distribution flexibility in dense

and uncertain urban markets [46]. Where demand is uncertain, the uncertainty is usually absorbed

inside the optimiser: an a priori route is chosen to minimise expected length under a probabilistic

description of demand [47], or a two-stage formulation charges a penalty for the recourse trip

incurred when realised demand exceeds vehicle capacity [48]. Same-day delivery work extends

the same treatment to uncertain delivery capacity, dispatching under probabilistic information

about future order and courier arrivals [49]. These formulations take a demand distribution as

given. Our question sits one step earlier and is deliberately smaller: which single summary of

that distribution a forecasting system should be judged on, and how much the answer changes

realised cost. Execution adds a third layer that neither question reaches — planned routes are not

the routes drivers take, and the deviations are regular enough that machine-learning models can

predict and quantify them from route structure, route attributes and driver information [50]; we

use observed deviations only as a bound on execution noise.

2.4. Attention and explanation. Attention weights are often presented as indicators of input im-

portance. Prior work shows that this interpretation is not automatically faithful [11]; manipulating

the attention weights of already-trained models and observing the change in their predictions in-

dicates that attention magnitude is at best a noisy indicator of a component’s importance [51].

Subsequent work argues that validity depends on the definition and tests used [12]. We take a

minimal empirical position: relation attention describes the model’s internal mixture, whereas

component utility must be established by intervention or ablation.

3. Problem Formulation

3.1. Forecasting task. LetZ = {z1, . . . , zN} be N urban service zones and let yz,t ∈ Z≥0 be observed

demand in zone z during hour t. Given a history of length L, static zone attributes sz, and a graph

G, the model predicts horizonsH = {1, 3, 6}:

ŷz,t+h = fθ(yt−L+1:t, s,G)z,h .

Probabilistic models output monotone conditional quantiles ŷ(τ)z,t+h for Q = {0.1, 0.5, 0.9}.

3.2. Service capacity commitment and the target service level. The first decision is a classical

service capacity problem. Before demand is observed, the operator must commit serving capacity
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az to zone z — couriers, vehicle slots, or shift hours. Committing too little denies service to arriving

demand; committing too much leaves paid capacity idle. Writing cu for the penalty per unit of

unserved demand and co for the penalty per unit of idle capacity,

C(az, yz) = cu(yz − az)
+ + co(az − yz)

+.

The cost-minimising commitment is a quantile of the demand distribution,

a⋆z = F−1
Yz
(τ), τ =

cu

cu + co
,

and the quantity τ is the critical ratio, which in inventory and service operations is standard as the

target cycle service level: the fraction of demand the operator intends to serve, implied by how

much worse a denied customer is than an idle resource. This identity is not our observation; it is

textbook [52], and setting a service target and choosing a critical ratio have long been understood

as the same act expressed in two vocabularies. Fahimnia et al. [19] give a measure of how tightly

the two are bound in practice: in a controlled experiment run with students and with practitioners,

forecasters folded the service level into forecasts they had been instructed to keep free of it and

were paid to keep accurate, and the effect traced to the service-level information itself rather than

to some other anchor.

What we take to be under-used is the evaluative consequence rather than the identity itself. If

the decision consumes the τ-quantile, then a forecasting system should be judged on whether it

estimates that quantile — yet forecasting practice in this domain is still assessed almost entirely by

symmetric point-error metrics. The general form of the problem is Gneiting’s [23]: a point forecast

is well posed only once the scoring function is fixed in advance, or the forecaster is directed to report

a named functional such as a mean or a quantile, and comparing forecasts under an error measure

that is not matched to the task can mislead. The sharpest form of the consequence is this: a point

forecast is not service-level-neutral; it silently commits the operator to a 50% target. A conditional

median is the optimal commitment only when cu = co — that is, only when denying service costs

exactly what idling a courier costs. No last-mile service operates under that assumption. An

organisation that plans capacity from a mean or median forecast has therefore chosen a service

level by default rather than by decision, and it has chosen the lowest one available.

Throughout we study τ = 0.9, corresponding to cu : co = 9 : 1 — denied service is nine times as

costly as idle capacity, a conservative reading of the reputational and re-delivery cost of a missed

drop. Section 7.8 reports how conclusions move as this ratio varies. We report the achieved

counterpart of the target as the fill rate, the realised share of demand served, which is the standard

service-level measure in service management. The distinction that organises this paper is that

the target service level is a managerial choice, while the ability to hit it is a forecasting property: it

requires the conditional τ-quantile, and no amount of accuracy in a point forecast supplies that

functional.

3.3. Zone selection and routing. At each hour the operator selects the K zones with highest pre-

dicted demand and constructs a depot tour over their centroids using shortest-path road distances.
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Nearest-neighbour construction followed by 2-opt [53] supplies a common routing heuristic for

all policies. Selection quality is the fraction of realised citywide demand contained in the chosen

zones:

coveraget(St) =

∑︁
z∈St

yz,t∑︁
z∈Z yz,t

, |St| = K.

The selected set depends on rank, not calibrated magnitude. Route length is reported separately; a

demand-per-kilometre ratio is not used because it rewards short tours even when they cover little

demand.

4. Method

4.1. Seasonal residual forecasting. Hourly urban demand is strongly periodic. For each zone and

hour of week ω, a historical base HA(z,ω) is estimated from training data only. Models forecast

a residual in log-transformed, standardised space, and the base is added before inversion to the

original count scale. The observed residual is also supplied as an input channel at every history

step. Every learned baseline receives the same seasonal base and input information.

4.2. Spatial backbones. Zone-to-zone dependence is represented as a graph and encoded by a

spatial neural backbone. Because this paper’s claim concerns the decision layer rather than the

network, the backbones are treated as interchangeable components and specified only to the level

needed to reproduce the comparison; full construction detail, edge counts, and layer equations are

in Appendix A.

We use two backbones. The first, denoted ST-MRGAT, combines a temporal convolution over

each zone’s 12-hour history with graph attention applied separately over three zone relations —

geographic proximity, road-network proximity, and training-period origin–destination flow —

whose outputs are fused by a learned per-zone weighting. The second is Graph WaveNet [5], an

established spatio-temporal architecture that learns its own adjacency instead of receiving hand-

specified relations. Established baselines (GCN [29], GraphSAGE [30], GAT [8], DCRNN [4],

LSTM, MLP) are trained in the same harness.

Two design choices matter for validity rather than performance. Origin–destination edges are

estimated from training trips only, so no graph encodes test-period behaviour. And whether the

three hand-specified relations earn their place is settled by ablation in Section 6.2, not by the

architecture’s name; we report that they do not.

4.3. Transferable quantile and calibration layer. The output head emits one value for every

horizon–quantile pair. Non-crossing quantiles are enforced by making the lowest quantile free

and adding positive softplus increments for successive quantiles. Training minimises mean pinball

loss:

LPB =
1
|Q|

∑︂
τ∈Q

max{τeτ, (τ− 1)eτ}, eτ = y− ŷ(τ).
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Table 1. The two New York taxi services, read over one geography of 263 zones and

one period of 2,184 hours. Trip counts are raw TLC records before zone assignment

and filtering, and borough shares are shares of trip activity. Green is a second

demand regime inside the same city, not a second city.

Property Yellow taxi Green taxi

Trips read, Jan–Mar 2016 34,499,859 4,532,407

Manhattan share 89.0% 35.3%

Brooklyn share 5.3% 31.9%

Queens share 5.0% 26.1%

Neural-training seeds 5 3

Typical WMAPE about 12% about 25%

The same head and loss are attached to both ST-MRGAT and Graph WaveNet; the latter is denoted

Graph WaveNet-Q. This isolates the transferability of the decision layer from the choice of spatial

backbone.

For an intended 1− α = 0.8 interval, CQR nonconformity scores on the calibration block are

Ei = max{ŷ(0.1)
i − yi, yi − ŷ(0.9)

i }.

The empirical finite-sample corrected 1 − α quantile of these scores widens the lower and upper

endpoints. Model stopping and calibration use disjoint, chronologically ordered subsets of vali-

dation data. This is the split-conformal construction, whose finite-sample guarantee is marginal

rather than per zone [38]. Section 7.8 therefore also reports a Mondrian, or group-conditional,

variant [54], in which the calibration block is partitioned and a separate widening constant is fitted

within each group.

5. Experimental Design

5.1. Data and contrasting demand regimes. NYC Taxi and Limousine Commission trip records

provide pickup and drop-off times and taxi-zone identifiers [7]. Drop-off counts are used as a

proxy for destination-level last-mile activity, not as parcel orders.

Both datasets use 263 zones and 2,184 hourly observations. Their log zone totals have correlation

0.798, indicating related but clearly different spatial demand. Green taxis cannot accept street hails

in much of lower Manhattan, producing a borough distribution unlike yellow taxis. This is a

second demand regime within one city, not evidence of cross-city generalisation.

5.2. Temporal protocol. Samples are assigned by label time without shuffling:

The first 60% of validation selects the stopping epoch; the final 40% calibrates quantiles. Inputs

may look backward across a block boundary, as in deployment, but no feature or statistic uses

future labels. Normalisation, seasonal profiles, and OD edges are estimated from training data

only.
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Table 2. Chronological splits, shared by both taxi datasets. A window carries

twelve hours of history and is assigned to a split by its label time, never shuffled;

the last 40% of the validation block is reserved for conformal calibration and is

never seen by early stopping.

Split Label period Windows

Training 1 Jan–29 Feb 2016 1,255

Validation 1–15 Mar 2016 355

Test 16–31 Mar 2016 379

Neural models use AdamW, a maximum of 150 epochs, and early stopping with patience

(1) We compare persistence, historical average, Ridge, XGBoost, MLP, LSTM, GCN, Graph-

SAGE, GAT, DCRNN [4], Graph WaveNet [5], ST-MRGAT, and Graph WaveNet-Q. This set

is chosen to span the model families an operator would plausibly consider — a naive rule, a

seasonal average, linear and tree models, a sequential model, and graph models with fixed

and with learned adjacency — rather than to survey the spatio-temporal literature. Other

architecture families are not evaluated here: adaptive-graph models that infer inter-series

dependence instead of receiving a predefined graph [25] [24], synchronous spatial-temporal

convolution [26], grid-based residual networks for citywide crowd flow [27], and general

probabilistic or attention-based sequence forecasters without a spatial component [35] [36].

Extending the backbone set would sharpen the accuracy comparison, but it would not

change which functional either decision consumes, which is what this paper tests.

For the yellow dataset, each quantile backbone is retrained at five independent seeds and Newsven-

dor costs are summarised with 95% Student-t intervals over seeds. This treats initialisation vari-

ability as the replication unit rather than treating correlated hourly observations as independent

replicates. Green supplies the cross-regime replication for the primary estimates, with its Graph

WaveNet-Q extension reported over three seeds.

MAE, RMSE, WMAPE, and R2 are computed after inversion to count space. These are the

conventional point-error measures, and the choice among them is itself a standing question in

the forecasting literature [32]; point accuracy of this kind was also the criterion of the M5 retail

demand-forecasting competition [31]. We report them for comparability with prior work, but

the decision evaluations that follow do not rest on them. Seed means and standard deviations

describe initialisation variability. Pairwise forecast differences use the Diebold–Mariano (DM)

test [13] on a series of 379 hour-level absolute-loss differences. Loss is aggregated over zones

before testing to avoid treating 263 correlated zones as independent. Newey–West variance and

the Harvey–Leybourne–Newbold correction [55] are used.

Because the study reports 48 DM comparisons (two datasets x three horizons x eight baselines)

and eight paired ablation comparisons, raw p-values would overstate significance. We therefore
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fix the test families in advance and report multiplicity adjustment for each. Families are defined

by the claim: within a dataset and horizon (eight tests, the natural family for "at this horizon,

does the proposed model differ from each baseline?"); within a dataset across horizons (24 tests);

and across the whole study (48 tests). Ablation comparisons form a separate four-test family per

dataset. Holm–Bonferroni [21] controls the family-wise error rate and is applied to all affirmative

claims; Benjamini–Hochberg [22] false-discovery-rate q-values are reported alongside it. Section

7.8 gives the outcome, and full per-test values are in outputs/multiplicity.csv.

5.3. External-city decision validation. To test whether the decision-functional effect extends be-

yond NYC without making an unsupported neural-topology transfer claim, we use the public UCI

Porto taxi trajectory archive [14]. We extract each trip’s first GPS coordinate, aggregate hourly

pickups to a fixed 8-by-8 metropolitan grid (54 non-empty cells), and retain about 1.7 million valid

trajectories. The first 70% of hours estimates a day-of-week-by-hour historical median and 0.9

quantile; the final 2,628 consecutive hours are held out. This is a deliberately model-free external

test of the newsvendor mechanism. Its uncertainty interval uses 2,000 bootstrap replicates of

complete calendar days, not individual zone-hours.

We also retrain Graph WaveNet-Q from scratch on this Porto representation. For this model

test, the chronological split is 60% training, 10% validation, and the same final 30% test block.

The Porto graph connects adjacent occupied grid cells; model parameters, adaptive adjacency,

normalisation, seasonal profile, early stopping, and CQR offset are all estimated from Porto data

only. We report three independent initialisations and compare them to historical median and q0.9

policies estimated on the same 60% Porto training block.

5.4. Real parcel order-arrival-to-capacity validation. To test the demand side with actual parcel-

commerce arrivals, we use the public Olist Brazilian E-Commerce dataset [16]. It contains

anonymised purchase events, customer geography, order items, and delivery status. We retain

96,211 fulfilled orders whose purchase timestamps fall from 1 January 2017 through 29 August

2018, and aggregate distinct orders to 27 customer states on a complete daily calendar. The unit

is a fulfilled order arrival, rather than an assumed physical package scan; the timestamp is the

purchase-time arrival, never the delivery date.

We use a fixed chronological 60/10/30 train/validation/test split, leaving the final 182 days (1

March–29 August 2018) untouched until evaluation. A new Graph WaveNet-Q is initialised

separately for each of three seeds. Its graph joins each state to its three nearest states using public

customer-ZIP centroids; its normalisation, weekday profile, early stopping, and CQR offset use

training or validation data only. Capacity is a per-state daily q0.9 fulfilled-order commitment

under the same 9:1 underage-to-overage loss. Training-only weekday median and q0.9 policies

are transparent comparators. Thus this experiment tests the full order-arrival → forecast →

capacity-decision chain on real parcel-commerce observations, but not route construction.
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5.5. Real parcel capacity and routing validation. We use the public Amazon Last Mile Routing

Research Challenge training set [15], which contains 6,112 historical delivery routes across five

US metropolitan areas. For every route it provides package-level dimensions, planned service

time, delivery time windows, vehicle cubic capacity, observed stop sequence, and route-specific

historically realised average travel times. We split routes chronologically: 4,362 routes departing

through 12 August 2018 form the training history and 1,750 routes departing from 13–26 August

form the holdout.

For capacity, we aggregate each station-day’s actual package count, parcel volume, and planned

service seconds. Training-only day-of-week median and q0.9 policies are evaluated at τ = 0.9

on 121 observed holdout station-days; uncertainty uses 5,000 complete-day bootstrap replicates.

For routing, all 1,750 holdout routes are simulated with the released travel-time matrices. We

report travel, waiting, planned service, route duration, package time-window lateness, and loaded-

volume/capacity. The observed driver sequence is an operational reference, not an oracle or a proof

of optimality. Nearest-neighbour travel-time routing is the common transparent comparator.

5.6. Same-order dispatch-to-delivery case study. We use the public Meituan–INFORMS opera-

tional food-delivery corpus [17] to test the data linkage unavailable in the two parcel sources. The

release retains the same anonymised order ID through platform order creation, entry into dispatch,

courier assignment, courier acceptance, pickup, and customer arrival. Accepted orders also join to

the observed courier wave containing their order IDs. The source is released for non-commercial

research under CC BY-NC 4.0 and its required acknowledgement is included below.

We retain 568,544 accepted orders whose six timestamps are positive and ordered, from 654,343

waybills, 4,901 couriers, and 23 dispatch areas. The forecasting window uses complete days: 17–20

October 2022 for training, 21 October for validation, and 22–23 October for the final test. At each

5-minute area bin, the target is the number of newly created orders. A fresh three-seed Graph

WaveNet-Q uses only previous bins, a training-only time-of-day profile, and a nearest-three area

graph built from pickup coordinates. It supplies a q0.9 area capacity decision; training-only time-

of-day median and q0.9 profiles are the comparators. We use a one-hour moving-block bootstrap

on the two test days for the median-versus-q0.9 contrast.

This is a linked order-arrival → dispatch → courier → pickup → delivery record, not a coun-

terfactual dispatch evaluation. A courier wave and its event times reveal observed execution

chronology, but the release has neither a vehicle capacity field nor continuous road-GPS traces.

We therefore do not claim a solved vehicle-routing counterfactual.

5.7. Long-horizon parcel task and GPS-event validation. We additionally use the public Cainiao-

LaDe industry dataset [18], whose full Shanghai delivery release covers 1,483,864 parcel tasks from

1 May through 31 October 2022. For every task it reports an anonymised courier, a dispatch region,

acceptance and delivery event times, and the courier’s GPS coordinates at both events. We retain

all 52 regions; every released task has non-missing event GPS and an acceptance time no later than

its delivery time.
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Table 3. Test accuracy and parameter counts on both regimes. MAE is in drop-offs

per zone-hour and is averaged over the horizons t+1, t+3 and t+6, so it is not a next-

hour figure; neural entries are seed means with the seed standard deviation, over

five seeds on yellow and three on green. Diebold–Mariano tests do not separate

Graph WaveNet from ST-MRGAT at any horizon on either dataset.

Model Parameters Yellow MAE Green MAE

Graph WaveNet 147,087 7.275 +/- 0.055 1.954 +/- 0.003

Graph WaveNet-Q 147,477 7.293 +/- 0.089 1.975 +/- 0.003

ST-MRGAT 62,155 7.434 +/- 0.085 1.963 +/- 0.005

GraphSAGE 52,547 7.487 +/- 0.040 1.973 +/- 0.005

DCRNN 195,139 7.571 +/- 0.092 1.972 +/- 0.006

GCN 44,227 7.591 +/- 0.071 1.973 +/- 0.002

GAT 44,483 7.613 +/- 0.076 1.964 +/- 0.003

MLP 12,675 7.651 +/- 0.059 1.986 +/- 0.002

LSTM 53,571 7.658 +/- 0.125 1.984 +/- 0.004

XGBoost — 7.738 1.978

Historical average — 8.112 2.028

Persistence — 29.177 4.555

The decision target is hourly accepted parcel-task load per region. This is an observable courier-

task-slot commitment, not a proxy for physical vehicle volume: LaDe does not release parcel

dimensions, a vehicle capacity field, an order-creation time, or a continuous per-task road trace.

We use a chronological 60/10/30 split, with the final 55 days beginning 6 September 2022 held

out. A fresh three-seed Graph WaveNet-Q uses a nearest-three region graph from delivery coor-

dinates, training-only normalisation and week-hour profile, validation early stopping, and CQR.

Training-only week-hour median and q0.9 policies are comparators; 24-hour moving-block boot-

strap quantifies their held-out cost contrast.

6. Results

6.1. Accuracy differences are small and rankings are unstable. Graph WaveNet has the lowest

mean MAE on both datasets, but it has 2.4 times as many parameters as ST-MRGAT. DCRNN is

larger still and does not win, so capacity alone is not sufficient, but an equal-budget comparison is

required before attributing the gain to adaptive adjacency.

Middle rankings are not stable. Graph WaveNet-Q moves from second on yellow to seventh

among neural models on green; GAT moves from seventh to third. All nine neural models occupy

the narrow interval 1.954–1.986 on green, a 1.6% spread. Adding the quantile head changes Graph

WaveNet’s MAE by only +0.25% on yellow and +1.06% on green.
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Figure 1. Mean absolute error by forecast horizon, yellow-taxi test block. Model

separation is largest at one hour ahead and disappears by six hours.

Figure 2. Model comparison over five seeds, yellow-taxi test block. Error bars are

standard deviations across initialisations.

DM tests do not distinguish ST-MRGAT from Graph WaveNet at any horizon on either dataset.

They also do not distinguish ST-MRGAT from Graph WaveNet-Q on yellow; on green, ST-MRGAT

is favoured only at t + 3 (p = 0.016), not at t + 1 or t + 6. These tests support parity among the

leading architectures rather than a claim that the proposed backbone is uniquely best.
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Table 4. Relation and objective ablations, three seeds per row, which is why the

full-model yellow entry is not the five-seed value reported earlier. Changes are

percentages of the full model within the same dataset. The two effects that reach

significance on yellow do not survive the move to green, where the reduced con-

figurations are if anything slightly better.

ST-MRGAT configuration Yellow MAE Change Green MAE Change

Full: geo + road + flow 7.364 — 1.965 —

Without OD flow 7.371 +0.1% 1.962 -0.1%

Geographic only 7.392 +0.4% 1.962 -0.2%

Without road 7.457 +1.3% 1.961 -0.2%

Point loss instead of pinball 7.608 +3.3% 1.968 +0.15%

Figure 3. Component ablation, yellow-taxi test block. Removing the quantile ob-

jective costs eight times more than removing both auxiliary graph relations.

6.2. Hand-designed relation effects do not replicate. On yellow, removing the road relation is

significant (p = 0.005), and replacing pinball loss is significant (p = 0.011). Neither effect replicates

on green; the road effect reverses sign, and the loss effect shrinks to 0.15%. Removing both auxiliary

relations is insignificant on yellow (p = 0.590) and slightly improves green performance. No hand-

designed relation provides a consistent benefit across the two demand regimes.

This negative result changes the architectural interpretation. The multi-relational graph is

a tested hypothesis, not an established contribution. The reproducible gain appears later, in

calibration and decision alignment.

6.3. Conformal calibration transfers across backbones. For ST-MRGAT, interval width increases

by 1.8% on yellow and 4.0% on green. For Graph WaveNet-Q, the increases are 1.1% and 2.1%.

Thus empirical calibration is stable across both data regimes and spatial backbones. The result
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Table 5. Empirical coverage of the nominal 80% interval before and after confor-

malised quantile regression, on two backbones. Entries pool the test block, all zones

and all horizons, so they are marginal coverages: overshooting the target counts

against it as much as undershooting. Per-zone coverage remains far from uniform.

Backbone Yellow: raw / calibrated Green: raw / calibrated

ST-MRGAT 74.18% / 79.76% 75.47% / 80.40%

Graph WaveNet-Q 75.91% / 80.04% 77.02% / 80.36%

Nominal coverage 80.00% 80.00%

Figure 4. Coverage before and after CQR on yellow-taxi demand

concerns marginal coverage over the test block; it does not imply uniform conditional coverage

for every zone or hour.

6.4. Decision-aligned quantiles, not lower MAE, reduce capacity cost. At τ = 0.9, the realised

newsvendor results are:

Read as a service–cost trade-off, the table says something simple. Every median-based policy

delivers a fill rate near 95% on yellow and near 87% on green, because a median commitment

targets a 50% service level and only reaches those figures incidentally. Moving the same forecast

to its q0.9 functional lifts the achieved fill rate to 99.02% and 98.03% respectively — and does so

while lowering total cost, not paying for service with cost.

That combination is the managerially relevant point, because it is not the trade-off practitioners

expect. Raising a service level normally means buying it: more capacity, higher cost. Here the
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Table 6. Capacity cost and fill rate for one-hour-ahead commitments at a 9:1

underage-to-overage penalty. Cost is per zone-hour in demand counts and does

not compare across the two columns. Intervals cover five yellow seeds; green en-

tries are single runs, and the oracle is a perfect-foresight bound rather than a policy

anyone could operate.

Policy Yellow cost Fill rate Green cost Fill rate

Oracle 0.000 100.00% 0.000 100.00%

Graph WaveNet-Q, q0.9 1.616 (1.587–1.645) 99.02% 0.491 98.03%

ST-MRGAT, q0.9 1.631 (1.602–1.659) 98.90% 0.498 97.43%

Graph WaveNet-Q, median 2.988 (2.547–3.428) 95.10% 0.921 88.27%

ST-MRGAT, median 3.079 (2.950–3.207) 94.92% 1.011 86.83%

Graph WaveNet, point 3.456 94.12% 1.050 86.19%

Historical average 4.959 91.33% 1.099 85.60%

service level rises and cost falls simultaneously, because the median policy was not sitting on

the efficient frontier to begin with. It was mis-specified for an asymmetric penalty structure, so

correcting the functional recovers service and cost at the same time. The gain is not a better forecast;

it is the removal of a systematic under-commitment.

Quantitatively, across the five yellow seeds, replacing the median with q0.9 reduces cost by 47.0%

(95% CI: 45.1–48.9%) for ST-MRGAT and 45.4% (39.1–51.8%) for Graph WaveNet-Q, while raising

the fill rate from 94.92% to 98.90% and from 95.10% to 99.02% respectively — gains of 4.0 and 3.9

percentage points. On green, the same substitution raises the fill rate from 86.83% to 97.43% for

ST-MRGAT and from 88.27% to 98.03% for Graph WaveNet-Q, gains of 10.6 and 9.8 points; the

three-seed Graph WaveNet-Q extension reduces green cost by 46.4% (43.5–49.2%). The service

gain is larger on green because its demand is sparser, so a median commitment under-serves it

more severely to begin with. The decision layer therefore transfers across backbones and demand

regimes even though their MAE rankings do not.

The trade-off is genuine rather than free, and the mechanism should be stated plainly: the q0.9

policy holds substantially more idle capacity than the median policy. For ST-MRGAT on yellow,

idle capacity rises from 5.67% to 16.81% of demand units while unserved demand falls from 5.01%

to 1.08%; on green the exchange is steeper still, with idle capacity rising from 11.34% to 40.85%.

Under a 9:1 penalty this exchange is strongly favourable, and it becomes unfavourable as the ratio

approaches 1:1. Section 7.8 identifies where the crossover lies. What the operator gains is therefore

not something for nothing, but the ability to choose a position on the service–cost frontier instead

of inheriting whichever position a median forecast happens to imply.

Graph WaveNet provides the lowest MAE but not the lowest point-policy cost. Relative to the

ST-MRGAT median, its yellow MAE is 2.2% lower while its asymmetric cost is 13.8% higher. It

under-allocates in 5.88% of demand units versus 5.01% for ST-MRGAT; the 9:1 loss magnifies that
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Figure 5. Capacity cost on yellow-taxi demand

Figure 6. Capacity cost on green-taxi demand

difference. On green, Graph WaveNet-Q is only seventh among neural models by MAE but gives

the lowest feasible decision cost. This is direct evidence that MAE ranking does not determine

operational ranking, and it is the empirical form of a point already established in theory: comparing

forecasts by an error measure supports an inference about the task only when the scoring function

and the forecasting task are matched [23].

6.5. Sophisticated forecasts add almost no zone-selection value. Shortfall from oracle coverage,

in percentage points, is:

Learned models improve coverage over the weekly historical average by at most about 0.15

points in these representative settings. Distance-only selection, however, loses 16–23 points on

green. Using demand is essential; choosing among already good demand rankings is not. The

stable weekly hotspot ordering explains why architecture matters little for this task.
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Table 7. Shortfall from oracle coverage in percentage points, at three fleet sizes;

zero is the hindsight optimum. Rankings come from the median t+1 forecast of a

single run. ST-MRGAT gains about a tenth of a point on a training-only historical

average, while the demand-blind distance rule gives up sixteen to twenty-three.

K zones Yellow ST-MRGAT Yellow hist. avg Green ST-MRGAT Green hist. avg Green distance-only

12 0.40 0.54 1.19 1.31 16.09

15 0.45 0.57 1.33 1.45 18.02

20 0.44 0.59 1.39 1.47 22.78

Figure 7. Shortfall from oracle zone-selection coverage against fleet size K. All

demand-aware policies remain within a fraction of a percentage point of each other

across the whole range.

6.6. Attention weights do not measure relation utility. On yellow data, mean relation-attention

weights are 0.293 for geographic, 0.298 for road, and 0.409 for OD flow. Manhattan assigns 0.496

to OD flow, while Staten Island assigns 0.445 to road and 0.120 to geographic proximity. This

pattern appears plausible, but the ablation result contradicts a utility interpretation: removing OD

flow changes yellow MAE by only 0.1% (p = 0.894) and slightly improves green MAE. Attention

describes internal mixing; it is not evidence that the attended relation improves forecasts.

6.7. External-city validation supports the decision mechanism. On Porto, the training-only his-

torical median policy has q0.9 cost 0.6608, 81.36% fill rate, and 18.64% unmet demand. Replacing

only its decision functional with the training-only historical q0.9 policy lowers cost to 0.3487, raises
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Figure 8. Learned relation-level attention by borough and by hour. The relation

receiving the largest average weight is the one ablation finds unnecessary.

Table 8. Porto, with no forecaster involved. Both policies are day-of-week by hour-

of-day statistics fitted on the first 70% of hours, so only the committed quantile

differs. Costs are per cell-hour in pickups, and the interval is a block bootstrap over

held-out calendar days.

Porto policy (training-only) q0.9 cost Fill rate Unmet demand Cost reduction vs median

Week-hour historical median 0.6608 81.36% 18.64% —

Week-hour historical q0.9 0.3487 93.68% 6.32% 47.23% [43.31%, 50.86%]

Table 9. Graph WaveNet-Q retrained from scratch on Porto. Nothing carries over

from New York: graph, weights, normalisation and calibration offset are all esti-

mated on Porto data. The MAE column is not like for like, since the historical rows

report the error of their own commitment while the neural row reports the error of

its median forecast.

Porto model, 60/10/30 split q0.9 cost MAE Fill rate Scope

Historical median 0.6486 1.002 81.69% Training-only week-hour policy

Historical q0.9 0.3470 1.559 93.62% Training-only week-hour policy

Graph WaveNet-Q, fresh Porto retraining 0.2671 [0.2326, 0.3016] 0.880 96.88% 3 seeds; new graph and parameters

fill rate to 93.68%, and reduces unmet demand to 6.32%. The 47.2% cost reduction has a day-block

bootstrap 95% CI of [43.3%, 50.9%] over 110 held-out calendar days.

The external neural retraining is a stricter test. With its own 60/10/30 Porto split and graph, fresh

Graph WaveNet-Q achieves 0.2671 cost (three-seed 95% CI [0.2326, 0.3016]) and 0.880 MAE. The

matched historical q0.9 policy has 0.3470 cost, so retraining lowers cost by 23.0% (seed-level 95%

CI [13.1%, 33.0%]); the matched historical median has cost 0.6486. Mean neural fill rate is 96.88%,

versus 93.62% for historical q0.9 and 81.69% for the median. All three neural runs use a new 54-cell

Porto graph and fresh initialisation.
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Table 10. Daily order-arrival capacity across 27 Brazilian states, on the final 182

days of a chronological split. Demand is a fulfilled order stamped at purchase

rather than at delivery. The MAE column is not a common accuracy comparison,

because each historical row reports the error of its own commitment level.

Olist fulfilled-order capacity policy Normalised q0.9 cost MAE

Historical median, training only 3.7965 4.380

Historical q0.9, training only 1.7759 3.121

Fresh Graph WaveNet-Q (3 seeds) 0.5453 [0.5309, 0.5598] 2.191 [2.142, 2.241]

This external result confirms that asymmetric capacity decisions benefit from the appropriate

conditional functional and that the Graph WaveNet-Q decision pipeline can be retrained suc-

cessfully outside NYC. It does not establish transfer for ST-MRGAT, every relation ablation, or

city-scale routing.

6.8. Real parcel order arrivals validate the forecasting-to-capacity chain. The Olist experiment

supplies what the route corpus does not: a public chronological stream of real parcel-commerce

order arrivals. The training-only historical q0.9 policy reduces asymmetric capacity cost by 53.22%

[50.75%, 56.23%] relative to its median counterpart, using a five-day moving-block bootstrap on

the 182 held-out days. Fresh Graph WaveNet-Q retraining further obtains mean cost 0.5453 [0.5309,

0.5598] across three seeds, compared with 1.7759 for the historical q0.9 policy: a 69.29% reduction

in mean cost. Its median forecast MAE is 2.191 [2.142, 2.241] fulfilled orders per state-day. The

very large gain is consistent with the strong growth and regional heterogeneity in this e-commerce

series; it is a result for this chronological corpus, not a universal architecture claim.

This is an end-to-end forecasting-to-capacity result on real parcel order arrivals. It is deliberately

not presented as a routed-delivery outcome: Olist does not release matched vehicle routes, and the

separate Amazon corpus does not release the corresponding arrival history. Linking them would

manufacture a data relationship that is not observed.

6.9. Real parcel data validates capacity and routing objects. The Amazon data removes the

taxi-proxy objection for the operational objects. On held-out station-days, the q0.9 policy reduces

realised asymmetric cost by 42.37% for package count, 41.66% for loaded cubic volume, and 42.96%

for planned service time. Day-block intervals remain well above zero for all three targets.

The routing comparison uses all 1,750 chronological holdout routes. Observed driver sequences

have 3.028 mean travel hours and 0.084% late packages; the transparent nearest-neighbour com-

parator has 3.111 travel hours and 0.634% late packages. The observed operational routes therefore

reduce travel time by 2.67% [2.33%, 3.10%] and late packages by 86.73% [85.04%, 88.28%] under

day-block bootstrap. Mean loaded volume is 72.51% of vehicle capacity; only 0.17% of recorded

routes exceed the released capacity after package-volume aggregation.
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Table 11. Cost reduction from committing the 0.9 quantile rather than the median,

on three Amazon capacity targets measured over the same 121 holdout station-

days. Both policies are training-only historical quantiles, so no forecasting model

enters. Intervals are day-block bootstrap percentiles and are not symmetric about

the estimate.

Parcel capacity target q0.9 vs median cost reduction [95% CI] Holdout station-days

Package count 42.37% [37.35%, 57.28%] 121

Parcel volume (cm3) 41.66% [37.84%, 55.82%] 121

Planned service time 42.96% [38.79%, 55.97%] 121

Table 12. Every holdout route simulated twice over identical stop sets: once in the

sequence the drivers actually took, once under greedy nearest-neighbour construc-

tion. Planned service hours are equal by construction, and most of the route-hour

gap is waiting for time windows rather than driving. No forecast enters.

Holdout routing policy Travel hours Planned service hours Route hours Late packages

Observed driver sequence (reference) 3.028 4.420 7.532 0.084%

Nearest-neighbour travel time 3.111 4.420 7.847 0.634%

These are not claims that the observed driver order is globally optimal. They show that the

real delivery task contains the capacity, service, time-window, and routing structures that the taxi

proxy cannot expose, and that a distance-only routing rule misses material operational quality.

6.10. One corpus follows the same order from arrival to delivery. The Meituan data closes the

identifier-linkage gap in a distinct delivery domain. All 568,544 retained orders have a chrono-

logically ordered creation, dispatch, acceptance, pickup, and delivery record; every accepted

(courier, order) pair matches an observed courier-wave membership. Median creation-to-delivery

time is 28.50 minutes (90th percentile 48.98), and 15.01% of orders arrive after the recorded promised

time. These are measured operational outcomes for the identical order records used by the fore-

casting experiment.

The capacity mechanism also survives this finer dispatch clock. The training-only q0.9 time-

of-day policy reduces cost by 40.20% [38.83%, 41.51%] relative to its median counterpart under

one-hour moving-block bootstrap. Fresh Graph WaveNet-Q retraining reaches 0.8090 [0.7485,

0.8696] mean cost over three seeds, versus 1.2381 for the historical q0.9 policy, a 34.66% lower

mean cost; its median MAE is 2.856 [2.775, 2.936] orders per area per five-minute bin.

The case study validates that a real demand stream, its assignment recipient, and its observed

delivery execution can coexist under one order identifier. It does not show that our q0.9 policy
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Table 13. Meituan capacity per dispatch area in five-minute bins, on the two held-

out days. The 0.9-quantile profile costs about 40% less than the median profile

while scoring slightly worse on MAE, which is the divergence at issue.

Meituan arrival-capacity policy Normalised q0.9 cost MAE

Historical median, training only 2.0705 2.974

Historical q0.9, training only 1.2381 3.025

Fresh Graph WaveNet-Q (3 seeds) 0.8090 [0.7485, 0.8696] 2.856 [2.775, 2.936]

Table 14. Linkage audit of the retained Meituan orders; no model, forecast or cost

enters. The complete-lifecycle figure holds by construction of the retention filter,

whereas the courier-wave link is measured.

Same-order operational linkage Observed value

Accepted orders / source waybills 568,544 / 654,343

Couriers / courier waves / dispatch areas 4,901 / 206,748 / 23

Ordered lifecycle and courier-wave link 100.00% / 100.00%

Median / 90th-percentile creation-to-delivery 28.50 / 48.98 min

Late versus recorded promise 15.01%

would improve those realised routes: doing so would require a valid counterfactual assignment-

and-routing simulator or experimental policy variation, which the released observational records

do not provide.

6.11. Long-horizon parcel task capacity with observed GPS events. The Cainiao-LaDe result

tests the capacity mechanism on a materially longer parcel history: 1,483,864 Shanghai tasks, 52

regions, and 184 days. Every task retains GPS at both courier acceptance and delivery events, so

the reported task-slot load is anchored to observed courier operations rather than taxi demand.

The capacity unit remains a task slot; it is not presented as vehicle volume or parcel weight.

The historical q0.9 policy lowers cost by 54.33% [52.65%, 56.21%] relative to the training-only

median. Fresh Graph WaveNet-Q retraining obtains mean cost 2.0324 [1.9684, 2.0964] over three

seeds, 28.16% below the historical q0.9 cost of 2.8292; median MAE is 5.755 [5.637, 5.873] accepted

tasks per region-hour.

This result strengthens long-horizon parcel generalisation and confirms that the forecast-to-

capacity mechanism is useful when its operational unit is courier task slots. It does not close the

physical-capacity-and-continuous-route-trace gap: the dataset’s endpoint GPS events cannot be

promoted to a complete vehicle trajectory.
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Table 15. Hourly capacity on the LaDe Shanghai release, evaluated on the final 55

of 184 days. The committed unit is an accepted courier task slot, since the release

records neither parcel dimensions nor any vehicle capacity limit.

LaDe Shanghai courier-task-slot policy Normalised q0.9 cost MAE

Historical median, training only 6.1943 7.282

Historical q0.9, training only 2.8292 7.443

Fresh Graph WaveNet-Q (3 seeds) 2.0324 [1.9684, 2.0964] 5.755 [5.637, 5.873]

7. Discussion

7.1. Forecast value is decision-specific. Capacity commitment and zone selection use the same

observations but consume different information. Capacity cost is asymmetric and needs a tail

quantile. Training and calibrating that quantile changes cost by 42–51%. Zone selection needs

only an ordering, and the ordering supplied by a weekly average is already close to oracle. Asking

whether a forecast is “operationally useful” without specifying the decision functional is therefore

incomplete.

7.2. The transferable contribution is above the backbone. The original architectural hypothesis

does not survive replication: neither the multi-relational graph nor its individual hand-designed

relations improves both demand regimes. In contrast, the quantile-and-CQR layer works on ST-

MRGAT and Graph WaveNet-Q, with realised coverage near nominal and large cost reductions

on both datasets. This transfer experiment is stronger evidence than an ablation on one network

because it separates the decision layer from the spatial representation.

The practical design implication is modular. An operator can retain a preferred forecasting

backbone and attach outputs aligned with the decision: quantiles for asymmetric capacity, rankings

for fixed-cardinality selection, or other functionals for other objectives. Architectural research

remains useful, but it should not be used as a proxy for decision evaluation.

7.3. Why MAE and operating cost disagree. MAE weights over- and under-prediction symmet-

rically. The newsvendor objective at τ = 0.9 weights shortage nine times more than excess. A

model can therefore reduce absolute error while concentrating too much residual mass below

realised demand. Conversely, a calibrated upper quantile intentionally over-allocates more often

and still reduces expected asymmetric cost. This is not a failure of MAE as a descriptive metric;

it is a mismatch between MAE and the decision. The general form of the point is established:

comparing point forecasts through an error measure can lead to misguided inferences unless the

scoring function and the forecasting task are matched, and the remedy is either to fix the scoring

function in advance or to direct the forecaster to a stated functional, such as a quantile of the

predictive distribution [23]. Our capacity decision issues exactly such a directive.
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Table 16. Seed-level view of the main capacity result. Intervals run over training

seeds, not over test hours. The reduction column is a paired per-seed statistic,

obtained by replacing the same trained model’s median commitment with its cali-

brated 0.9-quantile commitment, and so cannot be recovered from the cost column

beside it. The overlapping yellow intervals separate neither backbone.

Dataset Backbone q0.9 cost [95% CI] q0.9 vs median reduction [95% CI]

Yellow ST-MRGAT 1.631 [1.602, 1.659] 47.0% [45.1, 48.9]

Yellow Graph WaveNet-Q 1.616 [1.587, 1.645] 45.4% [39.1, 51.8]

Green Graph WaveNet-Q 0.492 [0.490, 0.495] 46.4% [43.5, 49.2]

7.4. Implications for evaluation practice. A forecasting paper that makes operational claims

should name the exact functional its decision consumes and report realised decision cost beside

whatever generic error metric it uses. It should measure itself against simple operational baselines,

historical averages among them, since those are what an operator already has. Where a decision

consumes a distributional tail, the calibration of that tail matters more than the accuracy of the

centre. Statistical tests should be run over the temporal unit at which the decision is actually taken.

And any interpretation of attention weights or graph components should follow an ablation rather

than precede it.

The last of these has been established elsewhere by intervention rather than by inspection:

manipulating attention weights in already-trained classifiers shows that a large weight predicts

a component’s influence on the prediction only noisily, and that gradient-based rankings often

predict the effect of altering a component better than the weight magnitudes do [51]. A second,

mechanical caution applies to the neighbour attention inside each relation rather than to the relation

weights of Section 6.6: a GAT layer computes what has been termed static attention, whose ranking

of neighbours is unconditioned on the querying node [28], so those weights are not a per-zone

importance ordering either.

Negative results are informative in this setting. They prevent a non-replicating architectural

story from obscuring a robust decision-layer result.

7.5. Completed robustness checks. The primary yellow decision result is stable over five inde-

pendent training seeds. The completed green Graph WaveNet-Q replication is also reported over

three seeds. Values below are mean 0.9-quantile cost with a 95% Student-t interval; reduction is

the paired reduction relative to the median policy.

An earlier rolling origin (train through January, tune through 15 February, test on 16–29 Febru-

ary) preserves the decision effect:

The capacity-matched test shows that the primary claim is not architectural superiority; it

explicitly compares low- and high-capacity pairs.
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Table 17. The same decision effect at an earlier origin: trained through January,

calibrated to mid-February, tested on the fortnight that follows. Each row contrasts

two commitments drawn from one trained forecast, so the four rows are not a test

between backbones.

Dataset Backbone q0.9 vs median reduction [95% CI]

Yellow, earlier origin ST-MRGAT 51.4% [48.2, 54.6]

Yellow, earlier origin Graph WaveNet-Q 49.5% [40.6, 58.3]

Green, earlier origin ST-MRGAT 50.6% [47.1, 54.1]

Green, earlier origin Graph WaveNet-Q 47.0% [44.3, 49.6]

Table 18. Test MAE at approximately matched parameter budgets, three seeds per

cell. The pairing exists to remove the parameter-count confound rather than to

rank architectures: the gaps run from 0.16% to 1.18%, and three of the four sit at or

below the measured resolution floor.

Pair Model A (parameters) MAE Model B (parameters) MAE

Yellow: GraphWaveNet-h40_vs_ST-MRGAT-h64 GraphWaveNet (61,263) 7.342 +/- 0.048 ST-MRGAT (62,155) 7.360 +/- 0.060

Yellow: GraphWaveNet-h64_vs_ST-MRGAT-h100 GraphWaveNet (147,087) 7.273 +/- 0.019 ST-MRGAT (147,511) 7.359 +/- 0.018

Green: GraphWaveNet-h40_vs_ST-MRGAT-h64 GraphWaveNet (61,263) 1.959 +/- 0.003 ST-MRGAT (62,155) 1.962 +/- 0.005

Green: GraphWaveNet-h64_vs_ST-MRGAT-h100 GraphWaveNet (147,087) 1.954 +/- 0.004 ST-MRGAT (147,511) 1.964 +/- 0.003

These checks strengthen the decision-layer conclusion while retaining the negative architectural

finding: a capacity-matched comparison is not used to claim that one backbone is universally

superior.

7.6. Constrained routing extension. To test whether the routing conclusion survives a more real-

istic dispatch proxy, we replace fixed-cardinality TSP selection with a deterministic three-vehicle

heuristic. Each vehicle has a capacity equal to 42% of total hourly demand and a 22-km maximum

closed route; candidate zones are ranked by forecast score per marginal insertion cost. On the

yellow test block, coverage is 45.91% for the historical average, 46.02% for ST-MRGAT, 46.03% for

Graph WaveNet, and 46.06% for Graph WaveNet-Q, with total route lengths near 60.7–60.8 km.

The constrained result preserves the main negative finding: forecast rankings change coverage

only marginally once a route-aware policy and common operational constraints are applied. This

remains a transparent heuristic rather than an exact capacitated multi-vehicle VRP. It also keeps

demand uncertainty in the capacity commitment and out of the routing problem itself, unlike the

stochastic vehicle routing literature, which either designs an a priori customer sequence of mini-

mal expected total length under a probabilistic description of demand [47], or solves a two-stage

problem in which planned routes are followed until vehicle capacity is reached and the resulting

return to the depot is penalised [48].
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Table 19. Realised operating points as the underage-to-overage ratio varies. Cost

is scaled per 1,000 drop-offs and carries no currency. Because the penalty weights

change with the critical ratio, each row prices a different objective, and the cost

column must not be read downwards as a ranking.

Policy tau Normalized cost / 1,000 demand units Capacity / realised demand Fill rate

ST-MRGAT 0.60 52.70 1.044 96.50%

ST-MRGAT 0.80 40.06 1.120 98.39%

ST-MRGAT 0.90 26.54 1.157 98.92%

Graph WaveNet-Q 0.60 54.21 1.060 97.00%

Graph WaveNet-Q 0.80 41.42 1.141 98.68%

Graph WaveNet-Q 0.90 26.86 1.182 99.13%

7.7. Direct decision-focused baseline. As a controlled method comparison, we trained the same

Graph WaveNet representation with a single pinball head at the operational quantile tau=0.9,

rather than the modular three-quantile head followed by CQR. Across three independently trained

seeds, the direct head has Newsvendor cost 1.612 (95% Student–t CI [1.565, 1.658]) and MAE 11.65.

The modular Graph WaveNet-Q policy, evaluated over five seeds, has cost 1.616 (95% CI [1.587,

1.645]). The estimated 0.27% reduction for direct training is not statistically distinguishable (two-

sided Welch test, p = 0.783). Thus this is evidence of practical parity under matched inputs

and backbone, not a claim that direct decision-focused training improves the modular, calibrated

policy.

7.8. Economic sensitivity and calibration slices. The Newsvendor conclusion is stable across a

range of critical ratios. For ST-MRGAT, increasing tau from 0.60 to 0.90 raises the committed

capacity ratio from 1.044 to 1.157 and realised fill rate from 96.50% to 98.92%; Graph WaveNet-

Q changes from 1.060 to 1.182 and from 97.00% to 99.13%, respectively. The corresponding

normalized cost and service trade-off is shown below. Because the underage and overage weights

themselves change with tau, cost values across rows are descriptive operating-point values, not a

cross-ratio model ranking.

We report normalized cost per 1,000 demand units rather than monetary dollars, because taxi

drop-offs are a demand proxy and no defensible parcel price is observed.

Calibration is close to nominal marginal coverage but heterogeneous conditionally. Across

hours, calibrated 80% coverage ranges from 78.1% to 82.8% for ST-MRGAT and from 78.4% to

84.4% for Graph WaveNet-Q. Across zones, ranges are 54.4–100.0% and 62.0–100.0%, respectively;

across low-, middle-, and high-demand regimes the ranges are 80.6–81.2% and 80.3–81.8%. This

supports the marginal CQR claim while making clear that it is not a guarantee of conditional

coverage for every zone or regime.

The zone-level spread above is a practical limitation, not merely a statistical footnote: an oper-

ator cannot promise a per-zone service level from an interval that is calibrated only on average.
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Table 20. Group-conditional calibration against a single global constant, applied

to the same trained model within each seed so that nothing but the calibration

differs. PICP is realised marginal coverage against the nominal 80%, where closer

is better rather than higher; MPIW is mean interval width in demand counts; MAD

is the mean absolute deviation of per-zone coverage from 80%. Grouping evens out

coverage on both datasets, but the tails move in opposite directions.

Dataset Scheme PICP MPIW Per-zone MAD Worst zone Zones below 70%

Yellow Global CQR 80.37% 17.72 5.41 57.4% 6.59%

Yellow Mondrian, zone demand 80.48% 19.11 3.79 63.9% 2.92%

Yellow Mondrian, predicted level 80.38% 19.03 3.72 61.5% 3.93%

Green Global CQR 80.69% 5.68 4.89 69.1% 0.38%

Green Mondrian, zone demand 80.77% 5.99 4.22 67.0% 1.90%

Green Mondrian, predicted level 80.77% 6.02 3.45 65.8% 1.65%

We therefore test whether Mondrian (group-conditional) conformal calibration, which targets con-

ditional rather than merely marginal validity for inductive conformal predictors [54], narrows it.

Instead of a single widening constant, the calibration block is partitioned into groups and a sepa-

rate constant is fitted within each, so the finite-sample guarantee holds inside every group. Two

partitions are compared, both defined from information available at prediction time: zone demand

terciles estimated on training data only, and terciles of the model’s own predicted level. Crucially,

all three schemes are applied to the same trained model within each seed, so the comparison is

paired and isolates calibration from training.

absolute deviation of per-zone coverage from the nominal 80%; lower is more uniform.

Marginal coverage is preserved in every case, and per-zone uniformity improves substantially:

the mean absolute deviation falls by 29–31% on yellow and by 14–29% on green, at a cost of 4–8%

in mean interval width. The improvement is also more stable across seeds than the global scheme

it replaces (MAD standard deviation 0.05–0.41 against 0.09–0.13 for global).

The result comes with a trade-off that we report because it runs against the headline. Improving

the average deviation does not uniformly improve the worst zones, and the direction differs by

dataset. On yellow, group-conditional calibration improves both: the share of zones covered

below 70% falls from 6.59% to 2.92%. On green it does not — that share rises from 0.38% to 1.65%,

and the worst zone falls from 69.1% to 65.8%. Green demand is sparse, so its low-prediction

stratum contains zones that are intrinsically hard to cover, and giving that stratum its own smaller

constant under-widens them. A manager whose commitment is governed by the worst zone rather

than the average should therefore prefer zone-demand strata, which dominate on the tail metric

on yellow, and should validate the tail directly rather than trusting the uniformity summary.

A sensitivity check with five strata rather than three (yellow) leaves the conclusion intact and

slightly favours zone-demand grouping (MAD 3.79 against 3.72, but 2.92% against 3.93% of zones
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Figure 9. Per-zone coverage under global and group-conditional calibration.

Group-conditional schemes concentrate zones nearer the nominal level.

below 70%). That comparison is not paired across bin counts, because each configuration retrains,

so it is indicative rather than controlled.

For a small exact prize-collecting VRP benchmark, Held–Karp route dynamic programming and

set partitioning allocate ten forecast-selected candidate zones over three capacity- and distance-

constrained vehicles. Over 24 evenly spaced test hours, coverage is 31.74% for the historical

average, 31.83% for ST-MRGAT, 31.82% for Graph WaveNet-Q, and 32.00% for an oracle ranking.

Thus the stronger exact routing proxy confirms the main routing conclusion without claiming a

city-scale exact VRP.

Every routing result above assumes that the planned stop sequence is the sequence actually

driven. That assumption is testable against observed driver behaviour. Using the Konovalenko

planned-versus-driven corpus [20] [50] (19,647 route pairs, 400 drivers, 249,231 stops, 32 weeks,

two countries; CC BY 4.0), we measure how far execution departs from the plan. The team that

released the corpus uses the same records for a different question: whether machine learning

can predict, from sequential route structure, route attributes and driver information, that a driver

will deviate from the planned route and by how much, treating those deviations as tacit driver

knowledge rather than as execution error [50]. Only 23.3% of routes are driven exactly as planned;

across all routes 44.1% of stops [95% CI 43.6, 44.5] are served out of their planned position, with a

mean Kendall rank correlation of 0.741 between planned and driven order. Deviation grows with

route size, from 15.8% of stops for routes of at most five stops to 65.8% for routes above twenty.

The consequence for route length is the relevant quantity. Actual and planned route lengths are

almost identical on average — the actual-to-planned ratio is 0.9988 [0.9960, 1.0014] — so drivers

do not systematically lengthen or shorten the tour; they reach a comparable distance by a different
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Figure 10. Execution noise across 19,647 observed delivery routes: the share of

stops served out of their planned position, and the absolute deviation in realised

route length.

order. But the magnitude of the per-route departure is large: the mean absolute deviation in route

length is 8.56% [8.33, 8.80], with a 75th percentile of 10.2% and a 90th percentile of 25.0%. By

comparison, the spread in planned route length across all forecast-based zone-selection policies in

our own experiment is 5.58%, and the spread in captured demand is under one percentage point.

Execution noise is therefore about 1.5 times larger than the entire between-policy spread it would

have to reveal. This does not prove the policies are identical, but it does change the interpretation

of the routing null result: the differences are not merely below the resolution of our solver, they are

below the resolution of real delivery execution. Two caveats bound the comparison. The corpus

is a different operator, geography and period from the NYC data, so this is an order-of-magnitude

argument rather than a matched control; and route length is not the same functional as captured

demand, so the comparison bounds the distance channel only.

Because the study runs dozens of comparisons, some of what reaches significance will do so

through the number of attempts alone. Applying the pre-specified families of Section 5.2 to the 48

DM comparisons, 23 are significant at the 5% level before adjustment, 18 survive Holm correction

within dataset-and-horizon families, and 15 survive Holm correction applied across the entire

study — the most conservative treatment available. Benjamini–Hochberg retains 21.

No conclusion drawn in this paper changes. The comparisons that lose significance are uni-

formly the weaker, longer-horizon ones — for example ST-MRGAT against MLP and LSTM at

t + 3 on yellow, and against MLP at t + 6 on green — none of which carries a claim. The find-

ings the argument rests on are unaffected. Parity between ST-MRGAT and Graph WaveNet was

never significant and remains so, which is the direction that matters, since the paper’s claim is the

absence of architectural superiority rather than its presence. Both ablation effects that the paper

does assert on yellow survive Holm correction (removing the road relation, adjusted p = 0.019; re-

moving the quantile objective, adjusted p = 0.033), and every green ablation comparison remains

non-significant, which is what "the effects do not replicate" requires.
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Table 21. Numbers of comparisons significant at the 5% level, before and after

adjustment. The first three rows repartition one set of 48 Diebold–Mariano compar-

isons into families of increasing width, which is why the unadjusted count never

moves; the last row is a separate set of eight ablation comparisons, corrected as

two per-dataset families of four. Entries are counts of tests, not p-values, and they

record no direction.

Family Tests Raw p < 0.05 Holm Benjamini–Hochberg

Dataset x horizon 48 (6 families of 8) 23 18 20

Dataset 48 (2 families of 24) 23 15 21

Whole study 48 (1 family) 23 15 21

Ablation, per dataset 8 (2 families of 4) 2 2 2

Table 22. Four retrainings of one configuration with the seed held fixed, leaving

nondeterministic reduction on the GPU as the only source of variation. The range

as a share of the mean is this study’s resolution floor, and there is one floor per

dataset and per quantity rather than a single figure for the study. Seed variability

is separately larger.

Dataset Quantity Mean SD Range Range as % of mean

Yellow Test MAE 7.3375 0.0302 0.0609 0.83%

Yellow Capacity cost at q0.9 1.5958 0.0126 0.0259 1.62%

Green Test MAE 1.9634 0.0058 0.0138 0.70%

Green Capacity cost at q0.9 0.4975 0.0006 0.0013 0.27%

Adjustment therefore strengthens rather than weakens the paper: the surviving significant

comparisons are exactly those against the weaker baselines, while the claims of parity and non-

replication are, by construction, not vulnerable to multiplicity in the first place.

Every comparison in a GPU-trained study is bounded below by run-to-run nondeterminism:

reduction kernels are not deterministic, so retraining an identical configuration with an identical

seed does not reproduce an identical model. Papers rarely quantify this, which makes it impossible

to judge whether a reported difference is larger than the apparatus that measured it. We therefore

retrained one configuration (ST-MRGAT, seed 0, loss-based stopping) four times and measured

the spread:

These figures are the study’s resolution floor, and we use them to grade our own claims rather

than only our baselines’:

Three consequences follow, and two of them cut against earlier readings of our own results.

First, the effects the paper asserts are real: the quantile objective and the architecture gap sit well

clear of the floor. Second, the road-relation effect that survived Holm correction is only 1.5x the
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Table 23. Effects reported elsewhere in the paper, each set beside the resolution

floor for its dataset. All five are MAE effects, so no cost result is graded here.

The floor is a measurement limit rather than a significance threshold, and the two

criteria disagree: removing the road relation survives Holm correction yet clears

the floor by only half again.

Effect Size Floor Verdict

Removing the quantile objective (MAE) 3.30% 0.83% 4.0x floor — resolved

Graph WaveNet vs ST-MRGAT (MAE) 2.20% 0.83% 2.7x floor — resolved

Spread of all nine neural models, green (MAE) 1.60% 0.70% 2.3x floor — barely resolved

Removing the road relation (MAE) 1.26% 0.83% 1.5x floor — marginal

Geo-only vs full multi-relational (MAE) 0.38% 0.83% below floor — unresolvable

Table 24. Two early-stopping criteria compared with everything else held fixed. A

positive change means the cost-selected branch was the more expensive one. No

cell is significant, the sign alternates across both backbone and dataset, and the

magnitudes sit close to the cost floors, so the experiment is inconclusive at its own

scale rather than evidence that the criterion does not matter.

Backbone Dataset Cost-selected Loss-selected Change p

ST-MRGAT Yellow 1.6826 1.6153 +4.16% 0.102

ST-MRGAT Green 0.4978 0.4992 -0.29% 0.279

Graph WaveNet-Q Yellow 1.6082 1.6281 -1.22% 0.222

Graph WaveNet-Q Green 0.4935 0.4921 +0.27% 0.144

floor, so it should be read as marginal rather than established — a caution we add against our own

significance test. Third, and most consequentially, the entire nine-model spread on green demand

is under 2x the floor. The instability of architectural rankings reported in Section 6.1 is therefore

not a curiosity of that dataset; on green, model identity is barely a measurable quantity at all. That

strengthens the paper’s central claim while narrowing what any architectural comparison in this

setting can legitimately assert.

The seed-to-seed standard deviation of ST-MRGAT on yellow (0.085) is roughly 2.8 times the

nondeterminism standard deviation (0.030), which confirms that initialisation contributes real

variance beyond kernel noise and that reporting over seeds is the right unit of replication rather

than a formality.

If forecasts should be evaluated by the decision functional, a natural question is whether they

should also be selected by it. We tested this directly: two branches identical in every respect except

the early-stopping metric on the validation-stopping block — pinball loss in one, realised q0.9

capacity cost in the other — over three seeds, two backbones, and both datasets.
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No cell is significant, the sign alternates across both backbone and dataset, and the magnitudes

sit at or near the dataset-specific cost resolution floors established above. On yellow, whose floor

is 1.62%, the Graph WaveNet-Q effect (1.22%) is below it and the ST-MRGAT effect (4.16%) is 2.6

times it; on green, whose floor is a much tighter 0.27%, both effects (0.29% and 0.27%) sit essentially

on the floor. We therefore report this as inconclusive at the scale of our experiment, not as evidence

that the criterion does not matter — a distinction the resolution floor makes it possible to state

honestly.

The one regularity worth recording is mechanical rather than statistical: cost-selected runs stop

systematically earlier (61–120 epochs against 78–150). The realised-cost metric depends only on

the upper tail of the predictive distribution over 213 validation windows, whereas pinball loss

averages over three quantiles and three horizons, so the former is the noisier stopping signal and

triggers patience sooner.

This suggests a distinction we did not anticipate. A loss function acts on every gradient step

and shapes the entire optimisation trajectory; a stopping rule only selects a point on a trajectory

that has already been shaped. If the objective has already aligned training with the decision

functional, the choice of point on that trajectory appears to be second-order. For practitioners the

implication is narrow but useful: align the training objective with the decision, and do not expect

a decision-aligned stopping rule to add to it.

7.9. Limitations. First, taxi drop-offs remain a proxy for the primary hourly forecasting task, and

the external validations are drawn from separate sources rather than one joint record. Three

properties would be needed to observe the full order-to-execution chain in a single dataset: (i)

order or parcel creation timestamps, (ii) a measured physical vehicle capacity constraint, and (iii)

a continuous GPS trace of the driven route rather than an ordered stop list. We searched the public

last-mile and mobility data landscape for a source providing all three simultaneously and did not

find one. The audit is reported here so that the negative claim is checkable rather than asserted:

The union of these sources covers all three properties, but no single source links them, so the

joint effect cannot be measured. Concretely, this paper can show that capacity-aware quantile

allocation changes which zones are served and at what committed capacity, but it cannot show

whether that decision changes the physical path actually driven, because no source records the

driven path continuously alongside creation times and a capacity limit. The paper therefore makes

no claim about a common, long-horizon parcel order-to-route deployment with measured vehicle

capacity.

One caveat on the audit itself: a negative search result is evidence of absence only within the

sources examined. Proprietary carrier data plainly contains all three properties, and any future

public release of such a record would supersede this limitation.

Second, fresh Graph WaveNet-Q retraining supports the external neural result in Porto, but

the experiment does not repeat every NYC architecture, multi-relation ablation, calibration-slice
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Table 25. Public sources audited against the three properties needed to follow an

order through to its execution within one record. Cells take only yes, no and partial.

The union of these sources covers all three properties; nothing links them, which is

the gap. The finding is an absence among the sources examined, not a claim about

proprietary carrier data.

Source (i) order creation (ii) vehicle

capacity

(iii)

continuous

GPS route

Binding limitation

Amazon LMRRC no yes (vehicle cm³,

package

dimensions)

no Packages arrive as a route

manifest; execution is an

ordered stop sequence with

a travel-time matrix

LaDe yes (task ac-

cept/pickup/deliver

events)

no partial GPS is recorded at task

events, not as a continuous

trace; couriers have no

recorded volume limit

Meituan yes (same-order

creation, dispatch,

delivery)

no no Food delivery, eight-day

window

Olist yes (order

purchase/approval

timestamps)

no no Order records only; no

vehicle or route object

Konovalenko et al.

(Mendeley

10.17632/kkwgfvmtxn.1,

CC BY 4.0)

no no no Verified by inspection:

19,647 planned/driven route

pairs, 400 drivers, 249,231

stops. Fields are stop

indices, arrival times, time

windows and Haversine

inter-stop distances — an

ordered stop list, not a

road-level trace. Used

separately in §7.8 to

quantify execution noise

NYC TLC, Porto taxi no no no Trip endpoints only; no

parcel or vehicle-capacity

semantics

analysis, or routing task. It therefore supports cross-city retraining of one decision pipeline, not

universal architecture transfer.

Third, the yellow capacity results include five-seed decision intervals and the green Graph

WaveNet-Q replication includes three seeds. The rolling-origin check also uses three seeds per
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backbone; uncertainty is reported over initialisations, not by treating correlated hourly observa-

tions as independent replicates.

Fourth, the capacity-matched pairs show that the primary architectural comparison is sensitive

to model capacity; they are therefore reported as a robustness check, not as evidence of universal

backbone superiority.

Fifth, the Amazon routing validation is route sequencing for already assigned single-vehicle

routes. It includes vehicle capacity, service, time windows, and travel times, but does not solve

fleet assignment, dynamic re-optimisation, or monetary labour and fuel costs.

Finally, standard split-conformal coverage guarantees assume exchangeability, under which

they are finite-sample but only marginal [38]. Chronological calibration reduces leakage but

does not make hourly observations exchangeable. The reported 80% values are empirical test-

block coverage, not a proof of distribution-free validity under arbitrary temporal dependence. A

deployed version of this layer would be better served by an online variant that continuously re-

estimates the widening parameter as the distribution moves, which attains the intended coverage

frequency over long intervals without assuming exchangeability [39].

8. Managerial Implications

The findings translate into guidance for service organisations that buy, build, or govern demand

forecasts. We state them as decisions a manager actually faces.

8.1. Set the service level first, then ask what the forecast must estimate. The most consequential

result of this study is also the least technical. A capacity plan built on a mean or median forecast

is a 50% service-level policy, whether or not anyone chose that. Because the cost-minimising

commitment is the τ-quantile with τ = cu/(cu + co), the target service level and the forecast

functional are the same decision seen from two sides. The managerial sequence should therefore

be inverted relative to common practice: first agree what fraction of demand the service intends to

serve and what a denied customer costs relative to an idle courier, and only then specify what the

forecasting system must produce. That ordering is the managerial counterpart of the prescriptive-

analytics programme, which uses data to prescribe the decision itself rather than only to predict

the quantity that enters it [41], and of feature-based newsvendor work that estimates the stocking

decision directly and bypasses the intermediate demand question, in a field that has traditionally

kept estimation apart from decision optimisation [42]. On our data, making that sequence explicit

moved the achieved fill rate from roughly 95% to 99% on one service and from 87% to 98% on the

other, at lower total cost.

One boundary is worth stating. The critical-ratio argument assumes the operator can commit

a capacity level and then hold it. Where capacity itself arrives through the day — as in crowd-

shipping, where in-store customers supplement company drivers and delivery capacity is itself

uncertain, with both online orders and willing couriers arriving through the day [49] — the target
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service level remains a managerial choice, but committing to it is a harder operational problem,

and the value of flexibility in physical distribution becomes a question in its own right [46].

8.2. Do not procure or reward forecasts on accuracy alone. Forecast vendors, internal analytics

teams, and model-selection pipelines are routinely evaluated on error metrics. Our results show

that this criterion can select the wrong system. That the criterion a model is trained or selected on

can diverge from the criterion by which its output is finally judged is a documented failure mode in

stochastic optimisation, where models trained end-to-end against the task objective outperformed

ones trained only to predict well in the applications studied [40]. The architecture with the

lowest mean absolute error on both datasets did not deliver the lowest asymmetric operating cost

on either: on yellow-taxi demand its error was 2.2% lower than a competing backbone while its

capacity cost was 13.8% higher, because it under-committed slightly more often and the 9:1 penalty

magnified that bias. A service-level agreement or vendor scorecard written in terms of MAE or

MAPE can thus be satisfied by a system that is worse for the business. The recommendation is

concrete: contract and evaluate on realised decision cost and achieved fill rate, and treat accuracy

as a diagnostic rather than an objective.

8.3. Spend on the decision layer before spending on the model. For managers allocating a

limited analytics budget, the relative sizes matter. Across nine neural architectures the entire span

of accuracy was 1.6% on one service and 5.3% on the other, and the ranking of the middle of the

field reversed between the two. Changing the decision functional on a fixed model moved cost by

42–51%. The same quantile-and-calibration layer produced those gains on two different backbones

and in an external city. A programme that replaces its forecasting architecture while continuing

to commit capacity at the median is therefore optimising the component with the smaller and less

reliable effect. Upgrading the decision layer is also cheaper: it required no additional data and, on

one backbone, no measurable accuracy cost.

8.4. Ask whether the decision needs a magnitude or only a ranking. Not every decision rewards

forecast investment, and the distinction is diagnosable in advance. Committing capacity consumes

a calibrated magnitude and was highly sensitive to forecast quality. Choosing which zones to

serve consumes only a ranking, and there a simple week-hour historical average came within

0.15 percentage points of every learned model, across fleet sizes from three to fifty zones — while

ignoring demand altogether lost up to 23 points. The operational reading is that urban demand

hotspots are stable enough to rank without machine learning, so forecasting effort directed at zone

selection is largely wasted, whereas the same effort directed at capacity sizing is not. Managers

can apply this test to their own decisions by asking which functional of the demand distribution

the decision consumes.

8.5. Report calibration, and expect it to hold only on average. The calibration layer reached its

nominal 80% coverage on both services and both backbones without retuning, which is what makes

it deployable rather than a per-case fit. But coverage was materially heterogeneous across zones
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(54% to 100%). A manager who guarantees a service level per zone on the basis of a marginally

calibrated interval will over-promise in some zones. Marginal calibration supports portfolio-level

commitments; per-zone commitments require per-zone validation.

8.6. Treat plan adherence as part of the system, not an implementation detail. Finally, the

routing analysis assumed planned sequences are executed, and real driver data shows they are

not: only 23.3% of 19,647 observed routes followed the plan exactly, and the resulting variation in

route length exceeded the entire spread between competing forecast policies. Investment in more

precise route planning is therefore likely to be absorbed by execution variance unless adherence

is managed alongside it. This is an argument for measuring adherence, not for abandoning

planning — the same data shows that ignoring demand entirely is far more costly than any

planning imprecision. The assumption runs deep in the routing literature as well: formulations

built for uncertain demand still commit to an a priori sequence and absorb the realisation through

a defined recourse, the planned order otherwise being followed as designed [47] [48]. A separate

literature on dynamic vehicle routing takes up the case where the problem’s inputs change during

execution [44].

9. Conclusion

Lower forecast error is not synonymous with higher operational value. Across two NYC

demand regimes, specialised spatio-temporal architectures differ only modestly in MAE, their

middle rankings change, and hand-designed graph-relation effects do not replicate. The stable

result lies elsewhere: a monotone quantile head with conformal calibration transfers across two

backbones and reduces asymmetric capacity cost by 42–51%. The same learned forecasts provide

almost no benefit over a historical average when the decision only needs a zone ranking.

An external Porto test strengthens this conclusion: a training-only historical policy achieves a

47.2% reduction in asymmetric cost when it supplies the 0.9 quantile rather than the median, and a

fresh Porto Graph WaveNet-Q retraining reduces cost by a further 23.0% relative to that historical

q0.9 policy. This does not establish universal architecture transfer, but it shows that the central

forecast–decision alignment result and one neural decision pipeline are not confined to NYC.

The two parcel studies close distinct proxy gaps without pretending that their records are linked.

Olist provides an actual order-arrival-to-capacity chain: training-only q0.9 capacity reduces cost by

53.2% versus a median policy, and a fresh three-seed Graph WaveNet-Q reduces mean cost by 69.3%

relative to the historical q0.9 comparator. Amazon provides actual capacity, service, time-window,

and route-sequencing objects: q0.9 policies reduce capacity cost by 42% across count, volume, and

planned service time, while observed delivery sequences materially outperform a distance-only

rule on both travel time and late packages. Meituan then supplies a same-order operational food-

delivery record: 568,544 orders link from creation through courier assignment, pickup, a delivery

wave, and final arrival, while the matched q0.9 forecasting policy reduces capacity cost. This

closes the identifier-linkage gap, though its eight-day span and absence of vehicle capacity/GPS
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Table 26. The three zone relations and how each is built. Counts are directed

non-zero entries of the symmetrised adjacency, so they run to roughly twice the

undirected edge count; origin-destination edges use training-period trips only.

Relation Construction Directed edge entries

Geographic symmetrised 8-NN on centroid haversine distance 2,506

Road symmetrised 8-NN on OSM shortest-path distance 2,584

OD flow strongest training-period origin–destination flows 3,864

route traces mean that a long-horizon common parcel order-to-route deployment with measured

vehicle capacity remains future work. LaDe independently adds 184 days of parcel task load and

GPS event evidence, with q0.9 policy gains that replicate the decision mechanism, but correctly

remains a courier-task-slot study rather than a physical-capacity route experiment.

The appropriate unit of evaluation is therefore the forecast–decision pair. Models should be

judged by whether they estimate the functional required by the downstream decision and by

the realised cost of using it. For the setting studied here, the defensible contribution is not a

universally superior graph architecture, but a calibrated and transferable decision layer whose

value is measured where forecasts are actually consumed.

Appendix A. Spatial Backbone Specification

This appendix contains the architectural detail deliberately kept out of Section 4, where the

paper’s argument concerns the decision layer rather than the network. None of the results in

Sections 6–8 depend on these choices; Section 6.2 reports that the multi-relational construction

described here does not improve accuracy.

A.1. Zone relations. Three undirected relations are constructed over the 263 zones:

Road distance is computed over a network of 55,405 nodes and 139,864 segments, with each

zone centroid anchored to its nearest street node. Origin–destination edges use training-period

trips only, so no relation encodes test-period behaviour. The relations are structurally distinct:

geographic and road relations have Jaccard similarity 0.725, while geographic and flow relations

have similarity 0.136 — two zones separated by a river are close geographically but distant by

road.

A.2. ST-MRGAT. A dilated causal temporal convolution encodes each zone’s 12-hour history into

hz. Two graph-attention layers [8] are then applied separately to each relation, and their outputs

are fused by node-specific relation attention:

h′z =
∑︂
r∈R

wz,rh
(r)
z , wz,r = softmaxr

(︂
v⊤h(r)

z

)︂
.
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A skip connection carries the temporal embedding to the output head. Graph attention uses

four heads with self-loops; the hidden width is 64 unless a capacity-matched comparison states

otherwise.

Section 6.6 examines the fused weights wz,r and finds that the relation receiving the highest

average attention is the one ablation shows to be least useful. The weights are reported there as a

caution against reading attention as evidence of component value, not as an interpretability claim.

A.3. Graph WaveNet. Graph WaveNet [5] is used as published in structure: gated dilated

causal temporal convolutions with residual and skip connections, and graph convolution

over forward and backward transition matrices together with a learned adaptive adjacency

softmax(ReLU(E1E⊤2 )). Because its adjacency is learned rather than specified, it serves as a control

for whether the hand-designed relations in A.1 are the limiting factor. Our implementation re-

places the multi-step decoder with a direct multi-horizon head so that all compared models share

one training and evaluation harness.

A.4. Training configuration. All neural models use AdamW, a maximum of 150 epochs, early

stopping with patience 25 on the first 60% of the validation block, and identical inputs: the

seasonal residual channels of Section 4.1 plus static zone attributes. Metrics are computed after

inversion to count space. Every learned model — including Ridge and XGBoost — receives the

same training-only seasonal base and predicts the same residual, so no model gains an information

advantage.
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