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Time-series foundation models now forecast unseen series zero-shot, and leaderboard errors improve
month by month. Should FMCG companies hand store × SKU × week demand forecasting over to them
wholesale? We argue that, in the replenishment chain, their value lies mainly in acting as a cross-series
probabilistic prior for cold-start and long-tail series, not in replacing existingmethods; models should be
selected on newsvendor cost and service level at the critical quantile, after stockout censoring and pro-
motional covariates have beenhandled. Three lines of evidence support this: on an intermittent-demand
benchmark, accuracy rank and service rank are negatively correlated; break-even analysis shows zero-
shot pays off on short, seasonal series while classical methods and boosted trees often catch up on long
ones; and training on sales systematically underestimates demand. We formalize the equivalence of
newsvendor cost and quantile loss, the censored likelihood, hierarchical reconciliation and shrinkage
blending; propose a segmentation framework and compare six modelling routes; give a decision-aware
selection and reconciliation algorithm with three fixed-seed simulations; and state five falsifiable fore-
casts.
Keywords: time-series foundation models; demand forecasting; intermittent demand; newsvendor model; quantile loss; stockout
censoring; hierarchical reconciliation; FMCG replenishment

Introduction
Over the past three years, time-series forecasting has fol-
lowed a path much like that of large language models: pre-
train one general model on a large, multi-domain corpus
of series and, at deployment, skip per-dataset training by
feeding the history in as context and forecasting the future
directly. Chronos turns values into discrete tokens through
scaling and quantization and trains language-model ar-
chitectures with cross-entropy1; TimesFM uses a patched
decoder-only architecture2; Moirai performs unified train-
ing on an open corpus of more than 27 billion observa-
tions3; and Lag-Llama, TimeGPT, Time-MoE and Sun-
dial push forward through lag features, a commercial API,
mixture-of-experts and a flow-matching objective, respec-
tively4–7. In 2025–2026, Chronos-2, Moirai 2.0, TiRex and
Toto 2.0 brought multivariate inputs, covariates, streaming
inference and parameter scale into a single framework8–11.
According to the paper, Chronos-2 raises skill scores by 5.2
percentage points on average over the strongest baselines
across several benchmarks and forecasts 100 series in un-
der one second on a single mid-range GPU12.
Evaluation has expanded alongside capability. GIFT-

Eval covers 23 datasets and 144,000 series13; fev-bench con-
tains 100 tasks, 46 of them with covariates, aggregated
with bootstrapped confidence intervals14; and TIME uses
50 fresh datasets for strict zero-shot evaluation15. Leader-
boards havemade ”zero-shot error” the numbermost often

quoted about foundation models.
Demand forecasting in FMCG, however, is not a prob-

lem of error alone. In a store × SKU × week panel, many
series have very short histories (new products, new stores,
new channels), many are intermittent or lumpy (long-tail
SKUs, small stores), promotions, prices and holidays cause
large jumps, and stockouts push observed sales below true
demand16,17. Downstream of the forecast sits replenish-
ment: the order quantity depends on the relative costs of
shortage and excess, and the direction of an error matters
more than its size. The classical newsvendor model es-
tablished long ago that the optimal order quantity is the
critical quantile of the demand distribution18, and opera-
tions research on integrated prediction and optimization
has shown repeatedly that the forecast with the smallest
error need not yield the cheapest decision19,20.
Recent evidence makes this tension concrete. Chin

and colleagues compared 38 forecasting methods —
classical, intermittent-demand-specific,machine-learning,
deep-learning and pretrained foundation models — on
data from a contract-logistics spare-parts operator; accord-
ing to the paper, across 20,330 real multi-line orders,
forecast-accuracy rank and order-service rank correlate at
−0.555, and service depends more on the direction of cu-
mulative bias, including over-prediction in zero-demand
periods21. Tan Jerome and colleagues ran a break-even
analysis on 30 datasets; according to the paper, foundation
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models win at every training fraction on 15 datasets, but on
6 others classical methods beat zero-shot foundation mod-
els with as little as 2% of the training data, and one deploy-
ment rule needs no training at all: if there are fewer than
700 training samples and seasonality is non-negligible, use
zero-shot22.
Existing discussions leave three gaps. First, model se-

lection mostly reuses leaderboard point or probabilistic er-
rors and never writes the cost asymmetry of replenishment
into the evaluation function. Second, leaderboard data usu-
ally carry no stockout labels, so ”sold little” cannot be told
apart from ”could not sell because the shelf was empty”; in
FMCG this is precisely the source of systematic demandun-
derestimation23. Third, foundation models are discussed
as replacements and rarely as priors: they are most useful
when histories are shortest, their marginal value declines
once histories are long enough, and the boundary between
the two regimes should be computable.
Our central thesis is that, in the FMCG replenishment

chain, foundation models are valuable mainly as cross-
series probabilistic priors for cold-start and long-tail series
rather than as wholesale replacements; selection and de-
ployment should be governed by newsvendor cost and ser-
vice level at the critical quantile, with stockout-censoring
repair, promotional covariates and hierarchical reconcilia-
tion as prerequisites. We make three contributions:
1. A decision-oriented formalization — the equivalence

between newsvendor cost and quantile loss at the crit-
ical quantile, the stockout-censored likelihood, hierar-
chical reconciliation, and a prior blend that shrinks
with history length— fromwhich we derive a segment-
level deployment rule for foundation models.

2. A framework that segments series by history length ×
demand pattern × demand driver, a systematic compar-
ison of themechanisms, evidence and limits of six mod-
elling routes, and a review of leakage and benchmark
bias in foundation-model evaluation.

3. A decision-aware forecast selection and reconciliation
algorithm (DAFSR), three fixed-seed illustrative simu-
lations showing cold-start shrinkage, the divergence be-
tween accuracy and service rankings and censoring re-
pair, and five falsifiable forecasts.

Problem formalization and notation

Newsvendor cost and the critical quantile
Let d be the demand for a given SKU in a given store over
one replenishment cycle, q the order quantity, cu the unit
shortage cost (lost margin and customer churn) and co the
unit excess cost (holding, shrinkage and markdowns near
expiry). The expected cost and the optimal order quantity
are18:
C(q) = cu·E[max(d − q, 0)] + co·E[max(q − d, 0)],　

q* = F⁻¹(τ*),　 τ* = cu / (cu + co)
(1)

where F is the cumulative distribution function of demand
and τ* is the critical quantile. In FMCG, cu and co differ by
category: short-shelf-life fresh food has high excess costs

and hence a low τ*, whereas high-margin core SKUs with
strong substitutes have high shortage costs and hence a
high τ*.

Newsvendor cost is quantile loss at the critical quan-
tile
Rewriting the single-period cost pointwise yields a simple
but crucial identity:
cu·max(d − q, 0) + co·max(q − d, 0) = (cu + co)·ℓτ*(d,

q),　 ℓτ(d, q) = max(τ(d − q), (τ − 1)(d − q)) (2)

ℓτ is the quantile (pinball) loss24. Equation (2) shows that,
for a given τ*, minimizing newsvendor cost is exactly equiv-
alent to minimizing quantile loss at τ*; the quantile is the
optimal point forecast under this loss, and the correspond-
ing scoring rule is strictly proper25,26. Two corollaries fol-
low. First, selecting models by mean absolute error or
mean squared error implicitly assumes τ* = 0.5 or cares
only about themean; when τ* departs from 0.5, this default
systematically picks the wrong model. Second, quantile
loss weighted at τ* can serve directly as themodel-selection
metric for replenishment, differing from business cost only
by a positive constant.

Stockout censoring
Stores observe sales, not demand. Let It be the sellable
stock at the start of period t; observed sales and the cen-
sored likelihood are:
st =min(dt, It),　 log L(θ) =∑no stockout log fθ(st) +

∑stockout log Pθ(dt ≥ It)
(3)

Training directly on st as if it were dt replaces the stockout-
period likelihood terms with point probabilities and bi-
ases the estimator downwards. The bias grows with stock-
out frequency and with τ*: the higher the service level
one wants to maintain, the more one relies on the right
tail of the distribution — exactly the part that has been
cut off. According to the paper, FreshRetailNet-50K uses
hourly stockout labels to reconstruct latent demand before
training forecasting models, cutting systematic underesti-
mation from 7.37% to near zero while improving accuracy
by 2.73%23; for ”double censoring”, in which promotions
inflate sales while stock caps them, a dedicated quantile-
learning framework is also available27.

Hierarchical reconciliation
FMCG forecasts are naturally hierarchical: store × SKU ag-
gregates to region × category and then to the national level,
while weeks aggregate to months. Let ŷ be the vector of
base forecasts and S the summing matrix; the reconciled
forecasts are:

ỹ = S·G·ŷ,　 GMinT = (S′W⁻¹S)⁻¹S′W⁻¹ (4)
where W is the covariance of base-forecast errors. Un-
der unbiasedness, MinTminimizes the total error variance
of the reconciled forecasts28, building on earlier optimal-
combination methods29,30; probabilistic reconciliation and
score optimization have also been treated systematically31,
and a textbook introduction is available32. For large retail-
ers, Wang and colleagues scaled optimization-based point
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reconciliation beyond four billion forecasted values and
proved that, under suitable weighting, least-squares recon-
ciliation is equivalent to share-based allocation33; for tem-
poral hierarchies, theory and simulation support the com-
petitiveness of bottom-up aggregation34. Reconciliation
matters for replenishment because distribution centres or-
der at the aggregate level while stores replenish at the bot-
tom level, and inconsistent numbers between the two are
amplified step by step — the bullwhip effect35.

A prior blend that shrinks with history length
Treating the foundation model as a cross-series prior and
the series’ own history as the likelihood, the simplest com-
bination is credibility weighting (shrinkage):
μ̂i(n) = λ(n)·μprior,i + (1 − λ(n))·μlocal,i,　 λ(n) = n0 /

(n0 + n),　 n0 = σ²ε / σ²η
(5)

where n is the number of periods of history for the se-
ries, σ²ε is the relative variance of single-period observation
noise and σ²η is the relative variance of true levels across
similar series. The meaning of n0 is intuitive: how many
periods of the series’ own data the prior is ”worth”. The
noisier the observations and the more alike the peers, the
larger n0 and the longer the prior stays useful. Equation (5)
is an approximation at the level of the mean; for quantiles,
the same blend can be done at the distribution level, or the
few observed periods can be passed as context to a model
that supports in-context learning36.

A segment-level deployment rule
Let qbase be the order quantity from a candidate baseline (a
statistical method or gradient-boosted trees) and qFM that
from a foundationmodel. Deploying the foundationmodel
on segment g is justified when:

ΔCg =∑i∈g [Ci(qbase) − Ci(qFM)] > Kg (6)
where Ci is estimated by equations (1)–(2) on a rolling-
origin backtest and Kg is the inference, operations and
monitoring cost for the segment. Equation (6) rewrites the
break-even logic of Tan Jerome and colleagues22 from er-
ror into cost and lowers the decision granularity from the
dataset to the segment.

Notation
Table 1 summarizes the notation.

Analytical framework: segmenting by history
length, demand pattern and demand driver
Whether foundation models are ”good enough” is not a
global question but a segmented one. We slice the store
× SKU panel along three dimensions. The first is history
length n: new products and new stores have a few weeks
of data, mature SKUs more than two years. The second
is the demand pattern: by average demand interval (ADI)
and the squared coefficient of variation of non-zero de-
mand sizes (CV²), series fall into smooth, erratic, intermit-
tent and lumpy classes37. The third is the demand driver:
whether demand is shapedmainly by seasonality and trend
or by exogenous events such as promotions, prices, displays

Table 1 | Main notation

Symbol Meaning Where used

d, q, F, τ* Demand, order quantity,
demand CDF, critical
quantile

Eq. (1)

cu, co Unit shortage cost, unit
excess cost

Eqs (1)–(2)

ℓτ(d, q) Quantile (pinball) loss at τ Eq. (2)
st, It, θ Observed sales, opening

sellable stock,
demand-distribution
parameters

Eq. (3)

ŷ, ỹ, S, G, W Base forecasts, reconciled
forecasts, summing matrix,
mapping matrix, error
covariance

Eq. (4)

n, n0, λ(n), σ²ε, σ²η History length,
prior-equivalent periods,
prior weight, observation
noise and cross-series
dispersion

Eq. (5)

g, ΔCg, Kg Segment, cost saving from
deploying the foundation
model, deployment cost

Eq. (6)

and holidays.
Each cell in Table 2 corresponds to a mechanism in Sec-

tion 4. The table also implies directly that neither ”replace
everything” nor ”use nothing” is optimal: the deployment
footprint of foundation models should be decided segment
by segment through equation (6).

Mechanism analysis and route comparison

Cold start: why a cross-series prior works
The cold-start advantage of foundationmodels comes from
the many ”similar shapes” they have seen during pretrain-
ing. With only four weeks of data for a new product, its
own series cannot reveal annual seasonality, and a local
model can only fall back to extrapolating a level or a trend;
a foundation model can place those four weeks in context
and match them against similar shapes seen in pretrain-
ing. Chronos’s evaluation on 42 datasets shows zero-shot
performance comparable to, and occasionally better than,
models trained specifically on the target data1; TimesFM
reports zero-shot accuracy close to that of the best super-
vised model for each dataset2; and TabPFN-TS even shows
that a tabular foundation model with only 11 million pa-
rameters, plus lightweight temporal features, can lead on
covariate-informed tasks38.
This advantage has clear limits. We introduced the

break-even analysis of Tan Jerome and colleagues above;
another of its findings is worth adding: according to the pa-
per, LoRA fine-tuning on short series can actually degrade
performance22. Ebrahim and colleagues built 7,200 series
from nine known generating processes that the model can-
not have seen; according to the paper, TimesFM-3’s error is
never more than 1.31 times that of the best method in any
scenario, whereas every classical method reaches at least
2.2 times somewhere; the largest classical failures occur
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Table 2 | A segmentation framework for FMCG demand series: main risks and the appropriate role of foundation models

Segment Typical objects Main risk Appropriate role for
foundation models

Preferred evaluation

Short history × smooth or
seasonal

New products, stores,
channels

Too little own information;
seasonality not estimable

Primary: zero-shot prior,
shrunk with n by Eq. (5)

Quantile loss at τ*,
first-month fill rate

Long history × smooth Mature core SKUs Structural change,
promotional noise

One candidate, backtested
alongside statistical
methods and boosted trees

Quantile loss at τ*, bias

Any history × intermittent
or lumpy

Long-tail SKUs, small stores Many zeros; point forecasts
drift to zero and service
collapses

Supporting: supplies
distribution shape, needs
bias correction

Fill rate, complete-order rate

Promotion- and price-driven Featured and campaign
items

Jumps driven by exogenous
events

Only covariate-capable
models, or combined with
regression models

Quantile loss in promotion
periods

Frequent stockouts Best-sellers, fresh food Sales understate demand Repair censoring before
training

Gap between target and
achieved service

Aggregate levels Region × category,
distribution centres

Cross-level inconsistency,
bullwhip

Base forecasts at bottom or
middle levels feed
reconciliation

Cross-level coherence,
aggregate error

with only two seasonal cycles, when automatic methods
fall back to non-seasonal models; yet on seasonal ARIMA
data with four ormore cycles, automatic ARIMA is 21–24%
more accurate than TimesFM-339. Both studies point to
the same conclusion: the robustness of foundation models
is worth most when histories are short, and local methods
catch up as histories lengthen. This is the empirical basis
for λ(n) declining with n in equation (5).

Intermittent and lumpy demand: point forecasts can
”forecast away” the service level
Most weekly demand for long-tail SKUs is zero. For such
series, the point forecast that minimizes mean absolute er-
ror is themedian, and themedian is often zero. The illustra-
tive simulation in Fig. 2 shows this mechanism: the ”zero
forecast” has the lowestMASE and a fill rate of zero. MASE
is a scale-free measure designed with intermittent series in
mind40; the problem lies not in the metric itself but in us-
ing it to choose a model for a decision whose τ* is far above
0.5.
Classical intermittent-demandmethodswere built for in-

ventory from the outset. Croston’s method smooths de-
mand sizes and inter-demand intervals separately41, and
Syntetos and Boylan identified its bias and proposed a cor-
rection42; deep renewal processes connect these methods
to temporal point processes43; and the evaluation of count
distributions has received dedicated treatment17. Recent
comparisons show that gradient-boosted trees used alone
often underperform specialized methods on intermittent
demand, whereas combining a machine-learning model
with a specialized method improves accuracy by up to
10%44; combinations of probabilistic forecasts beat individ-
ual methods, but accuracy trades off against inventory per-
formance45.
Foundation models have no inherent advantage here.

According to the paper, TimesFM-3 shows no advantage
over simple history-based benchmarks on intermittent de-
mand39. A deeper reason is ”forecast collapse”: when tar-
get predictability is low, the amplitude of well-calibrated

point forecasts is compressed and forecasts flatten46. Chin
and colleagues point to a remedy: service is more closely
tied to the direction of cumulative bias than to point ac-
curacy; according to the paper, examining the bias in
Chronos-2’s instance normalization yields a training-free
correction that lifts the per-material fill proxy from 77.5%
to 92.0% at a 90% policy target and the complete-order fill
rate from 54% to 63%21. The implication is that, for inter-
mittent series, foundation models are better suited to sup-
plying the shape of the distribution, which bias correction
and quantile choice then ”translate” into order quantities.

Promotions and covariates: most foundation models
did not originally ”see” promotions
Large jumps in FMCG demand are mostly driven by pro-
motions, prices and campaign calendars. Early foundation
models were mostly pretrained on univariate series and
could not use such information directly47. Since 2025, co-
variate capability has become a main axis of competition:
ChronosX injects past and future covariates through plug-
gable modules, with retail promotions and holidays as its
motivating example48; COSMIC uses covariates zero-shot
via in-context learning49; UniCA unifies categorical vari-
ables and heterogeneous image and text covariates into se-
ries representations50; and Chronos-2 shares information
across related series, multivariate targets and covariates
through group attention — according to the paper, its ad-
vantage on covariate tasks is substantial, and the paper in-
cludes a retail case study8.
But ”supporting covariates” is not the same as ”using

them correctly”. Berthelier and colleagues ran controlled
experiments on simple target–covariate relationships; ac-
cording to the paper, TabPFN-TS captures these relation-
ships better than Chronos-2, especially at short horizons,
and Chronos-2’s strong overall benchmark performance
does not automatically translate into optimal modelling
of simple dependencies51. GIFT-Eval-CTX tests whether
models can turn verified future information into numeri-
cal trajectories; according to the paper, structured effects
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reduce relative MASE by 40.7% and 29.6% for two frontier
large language models52. For FMCG, this means promo-
tion calendars, price plans and display schedules are them-
selves high-value ”future information”, and how well they
are structured often matters more than which foundation
model is chosen.
By contrast, the lessons of the M5 competition still hold:

according to the paper, top solutions in the accuracy track
relied heavily on gradient-boosted trees such as LightGBM
and combined forecasts across the hierarchy53,54; the uncer-
tainty track evaluated performance across multiple quan-
tiles55; and blends of boosted trees and neural networks
are competitive for both point and probabilistic forecasts56.
For mature SKUs with rich covariates, gradient-boosted
trees remain a strong baseline that must be tested head to
head.

Censoring and bias: fix the data before choosing the
model
Section 2.3 showed that training on sales biases demand
estimates downwards. A high τ* amplifies this bias: the or-
der quantity takes a right-tail quantile, and the right tail
is exactly what stockouts cut off. In the illustrative sim-
ulation of Fig. 3, about one week in three is a stockout
week; training directly on sales underestimates the mean
by about 18% on average, and the achieved cycle service
level at a 90% target is only 82.4%; after censoredmaximum-
likelihood repair by equation (3), the bias falls to about 1%
and achieved service returns to 90.2%. Repair presupposes
stockout labels or inferable stock records, which is the
value of datasets such as FreshRetailNet-50K with hourly
stockout annotations23.
Censoring repair is just as necessary for foundationmod-

els. A zero-shot model that takes sales as demand in its
context will likewise learn the ”truncated” distribution; in
a prior blend, both the prior and the series itself should be
based on repaired demand.

Hierarchy, online adaptation and uncertainty
Reconciliation inputs can come from different models. A
common combination in practice is foundation models or
statistical methods producing probabilistic forecasts at the
bottom level, boosted trees with promotional covariates
in the middle, and reconciliation by equation (4) at the
end. Reconciliation itself does not care which model pro-
duced the base forecasts, which lets foundation models be
”plugged in” to existing pipelines28,33.
After deployment, three lightweight adaptation routes

are available. The first is online weighting: ELF learns the
current distribution with a lightweight forecaster and com-
bines it with the foundation model’s forecast; according
to the paper, it improved performance in all of its experi-
ments57. The second is black-box correction: ECHO cor-
rects foundation-model outputs using historical analogues
and past forecast errors; according to the paper, it reduced
mean squared error in all 45 combinations of 5 founda-
tion models and 9 real-world datasets, by 9.26% on aver-
age58. The third is expert editing: DEFT revises a founda-

tion model’s candidate trajectories in a trend–seasonal de-
composed space under a limited budget of expert scores59,
much as FMCG planners hand-adjust forecasts before a
campaign. By contrast, continual fine-tuning causes catas-
trophic forgetting; according to the paper, smaller models
equipped with forgetting mitigation can match foundation
models by the end of a continual-learning sequence60.
Replenishment needs intervals with coverage guaran-

tees. Distribution-free conformal methods can construct
prediction intervals for time series61, and adaptive confor-
mal inference maintains long-run coverage under distribu-
tion shift62. For the quantiles a foundation model outputs,
conformal calibration adds a model-agnostic layer of insur-
ance.

Evaluation pitfalls and counter-evidence
Three kinds of evidence about foundation models deserve
a discount. The first is information leakage: Meyer and
colleagues identify two kinds — train–test sample overlap
caused by multi-purpose reuse of datasets, and temporal
overlap of correlated series — both of which make results
overly optimistic63; GIFT-Eval provides a non-leaking pre-
training corpus for this reason13, and TIME switches to en-
tirely new datasets15. The second is domain representa-
tiveness: IND-Eval finds on industrial data that the over-
all leader does not lead on every source, so model selection
requires domain-representative evaluation64. The third is
where orchestration gains come from: FairAMO runs con-
trolled comparisons with frozen candidate forecasts; ac-
cording to the paper, the best agentic orchestrators reduce
MASE by less than 6% relative to the best singlemodel, and
the gains come from complementarity among candidates
rather than their number65.
The counter-evidence also deserves serious attention.

Those who expect foundation models to replace existing
methods wholesale can point to Chronos-2’s overall lead12,
Toto 2.0’s steady scaling from 4 million to 2.5 billion pa-
rameters11 and Moirai 2.0’s balance of accuracy, speed and
size9; inference costs are also falling fast — according to
the official blog, Chronos-Bolt is up to 250 times faster
and 20 times more memory-efficient than the original
Chronos66, Chronos-2 is a 120-million-parameter encoder-
only model67, and the public TimesFM 2.5 checkpoint has
200 million parameters68. We accept that, as in-context
learning and covariate capabilities keep improving, the
”primary” column of Table 2 may widen. That does not
change the core of our thesis: the selection criterion should
be cost at τ* rather than leaderboard error, and censoring
repair and covariates are prerequisites — neither of which
depends on model size.
No route in Table 3 dominates in every column. The

distinctive value of R4 and R5 is concentrated in the ”data
needs” column: they bring training-free, cross-series priors
to cold start. The value of R1 and R2 lies in interpretability
and cost: the former hasmature intermittentmethods, and
the latter proved in M5 its ability to exploit promotional
and hierarchical features. The gains of R6 are bounded
by candidate complementarity. This landscape supports

5



Analysis HX Research ·弘犀研究

Table 3 | Mechanism-level comparison of six demand-forecasting routes (evidence mostly self-reported in papers or
official materials)

Route Core
mechanism

Data needs Covariates Intermittent
demand

Probabilistic
output

Operating cost Best-fit
segments

R1 Statistical
methods (ETS,
Theta,
Croston/SBA)

Per-series state
space or
smoothing69,70

Enough history
per series

Weak Dedicated
methods

Yes, with
distributional
assumptions

Low Long smooth
histories,
intermittent

R2 Gradient-
boosted trees
(global)

Cross-series
feature
regression53,54

Large panels
with features

Strong Weak when used
alone

Needs quantile
objectives

Medium Promotion-
driven, mature
SKUs

R3 Deep global
models
(DeepAR, TFT,
N-BEATS, etc.)

Cross-series
neural
networks71–73

Large panels,
requires training

Medium to
strong

Needs dedicated
likelihoods

Yes Medium to high Large panels,
multi-step

R4 Foundation
models,
zero-shot

Pretrained
cross-series prior

No training Model-
dependent

No inherent
advantage

Yes Medium (GPU
inference)

Cold start, short
histories

R5 Foundation
models +
covariates /
in-context
learning

Group attention,
adapter
modules8,48

A few related
series plus future
information

Strong Needs bias
correction

Yes Medium Campaign items,
new products
with promotions

R6 Orchestration
and combination

Select or weight
several
candidates65

Backtests of
several
candidates

Inherited Inherited Inherited High When
candidates are
complementary

our thesis of segmented deployment. The lessons of the
M4 competition point the same way: according to the pa-
per, combinations and hybridmethods performed strongly,
while pure machine-learning methods did not dominate
at the time74; a review of forecasting theory and practice
likewise systematically collects experience on method se-
lection and combination across settings75.

From cost parameters to service targets
Many companies configure their replenishment systems
with targets such as ”95% service level” rather than with cu
and co. The two can be converted: by equation (1), a cycle-
service target α implies a cost ratio cu/co =α/(1 − α). A 95%
targetmeans the company believes that one unit short costs
19 times as much as one unit in excess; 90% corresponds to
9 times and 75% to 3 times. This conversion often exposes
inconsistent targets: when fresh food with a shelf life of a
few days and beverages with a shelf life of a year are given
the same service target in one category, the implied cost
ratios clearly cannot both hold.
The conversion also clarifies two easily confused met-

rics. Cycle service level is the probability of no stockout
in a period and corresponds to τ* in equation (1); fill rate is
the share of demand that is satisfied, and for the same order
quantity it is usually higher than cycle service level because
some demand is still met in stockout periods. Fig. 2 and
Fig. 3 report these two metrics respectively, and readers
should not compare them directly. When choosing mod-
els, one should first establish which metric the business is
actually held to and then write it into the evaluation func-
tion of equation (2); otherwise the same backtest can sup-
port entirely different conclusions.
Finally, co for fresh and near-expiry products is not con-

stant; it rises as remaining shelf life shrinks. This means
τ* should adapt to each store’s turnover and delivery fre-
quency: high-turnover stores can afford a higher τ*, low-
turnover stores should lower it. Turning τ* into a store ×
category parameter table, rather than one number for the
whole company, often pays off faster than changing the
forecasting model.

Method: decision-aware forecast selection and
reconciliation
We condense the analysis into an executable procedure.
The goal of Algorithm 1 is, for a store × SKU panel, to se-
lect or blend forecast sources by segment, repair censoring,
backtest on cost at τ*, reconcile across the hierarchy and
output order quantiles, while leaving an auditable selection
record and a fallback path.
Algorithm 1 embodies three design choices. First, step 2

precedes step 4: if backtests use censored sales, any model
that underestimates demand will look ”more accurate”,
and the selection itself is contaminated. Second, step 4
uses quantile loss at τ* rather than MASE or CRPS as the
primary metric and reports the direction of bias separately
— a direct application of Chin and colleagues’ finding21.
Third, step 5 confines the foundation model to segments
where equation (6) holds and shrinks it on short histories
instead of replacing everything globally; step 8 keeps hu-
man review and fallback, consistent with treating forecasts
as decision support rather than automated decisions.
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Algorithm 1 | Decision-Aware Forecast Selection and Reconciliation (DAFSR)

Input: Store × SKU × week sales, opening stock and stockout flags; promotion, price and campaign calendars; hierarchy S; cu and
co per category; candidate pool (statistical methods, gradient-boosted trees, zero-shot foundation models, foundation models with
covariates); deployment cost Kg

Output: Forecast source or blend weights per segment; reconciled τ* quantiles and order suggestions; backtest and selection records;
fallback rules

1: Segment: assign series to the segments g of Table 2 by history length n, ADI/CV² and promotion intensity
2: Repair censoring: for flagged stockout periods, estimate the demand distribution with the censored likelihood of Eq. (3); where no

flags exist but stock records do, use st = It as a stockout proxy and note this in the record
3: Guard against leakage: use rolling-origin backtests; confirm that the foundation model’s pretraining corpus contains no same-

source data from the evaluation window and that the window postdates the model’s published training cut-off
4: Score backtests: for each candidate, compute quantile loss at τ* within g by Eq. (2), and report fill rate, the direction of cumulative

bias and loss in promotion periods
5: Select and blend: decide by Eq. (6) whether to deploy the foundation model on g; on short-history segments, blend prior and

own series by Eq. (5), estimating n0 from peer-series noise and dispersion; on intermittent segments, apply bias correction to
foundation-model outputs

6: Reconcile: reconcile bottom-level and aggregate forecasts by Eq. (4) using MinT or share-based allocation; reconcile probabilistic
forecasts at the quantile or sample level

7: Calibrate and order: apply conformal calibration to the reconciled quantiles, take the τ* quantile as the order quantity, and impose
minimum-display and case-pack constraints

8: Monitor and fall back: compare target and achieved service weekly; on sustained deviation beyond a threshold, revert to the
previous version or the baseline method; planners review before campaigns

Complexity and scope: Step 2 is O(T· Θ ) per series ( Θ is the parameter-grid size); step 4 is O(M·N·T) for M candidates and N series;
step 6 is typically a sparse linear solve. Applies to replenishment settings with stock or stockout records and estimable cost parameters;
where cost parameters are unavailable, it degrades to reporting quantile-loss curves over several τ

Illustrative simulations
To make the three mechanisms concrete, we ran three il-
lustrative simulations. All numbers are computed on syn-
thetic data and are not measurements of any real com-
pany, model or dataset. The ”pooled prior” in Simulation 1
stands in for the cross-series prior that a foundation model
provides; no real foundationmodel was run. The scripts fix
the random seed at 20261104.
Cold-start shrinkage. We simulate 20 categories with 30

SKUs each; true SKU levels are log-normally distributed
around the category level (ση = 0.3), weekly demand is neg-
ative binomial and τ* = 0.75. Equation (5) gives n0 ≈ 7.6
weeks. Fig. 1 shows the results: using only the SKU’s own
history, newsvendor cost is 1.56 times the cost with the true
mean known after 1 week of history and 1.14 times after 4
weeks; the pooled prior stays between 1.06 and 1.10 times
throughout; after 12 weeks the SKU’s own history starts to
beat the pooled prior. The shrinkage blend is noworse than
either at every history length — 1.09 times at 1 week and
1.01 times at 52 weeks.
Divergence between accuracy and service. We simulate

300 intermittent SKUs with 104 training weeks, 26 test
weeks and a 90% service target. Of 13 methods, all ex-
cept the empirical-quantile method — which outputs the
τ* quantile directly — follow common practice and order
the 90% quantile of a Poisson distribution whose mean is
the point forecast. Fig. 2 shows the results: the zero fore-
cast and the 52-weekmedian have the lowestMASE (about
0.66) but fill rates of 0 and 1.3%; the empirical-quantile
method has the highest MASE (2.03), the highest fill rate

Fig. 1 | The value of the prior declines with history length.
The pooled prior (standing in for a foundation model’s
cross-series prior) far outperforms the SKU’s own history when
histories are short; the shrinkage blend is no worse than either
at any history length. Illustrative data with a fixed random seed,
computed by the HX Research Team.

(80.2%) and the lowest unit cost. The Spearman correlation
betweenMASE rank and fill-rate rank is −0.63, in the same
direction as Chin and colleagues’ finding on real data21.
Notably, even the best method fails to reach a 90% fill rate,
because the Poisson assumption understates the dispersion
of lumpy demand and because cycle service level and fill
rate are different metrics.
Censoring repair. We simulate 400 SKUs whose open-

ing stock is set at the 70% quantile with perturbation, so

7
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Fig. 2 | On intermittent demand, the ”most accurate”
forecast can deliver the worst service. The horizontal axis is
MASE and the vertical axis fill rate; the zero forecast and
median-type methods have the lowest error and the worst
service. Illustrative data with a fixed random seed, computed by
the HX Research Team.

that about 34% of weeks are stockout weeks. Estimating
the mean directly from sales underestimates it by 18.0%
on average; censored maximum-likelihood estimation by
equation (3) leaves a bias of +1.1%. At targets of 80%, 85%,
90% and 95%, models trained directly on sales achieve cy-
cle service levels of 71.2%, 76.8%, 82.4% and 89.8%, against
80.6%, 85.4%, 90.2% and 95.3% after repair (Fig. 3).

Fig. 3 | Training on sales systematically misses service
targets. Stockouts keep sales below demand, so models trained
directly on sales fall below the diagonal at every target; after
censoring repair they return close to the diagonal. Illustrative
data with a fixed random seed, computed by the HX Research
Team.

Table 4makes no claimabout any real system. Themech-
anism it conveys is that, on the same panel, ”smallest er-
ror” and ”lowest cost” can point to different models, and
whether the data are repaired matters more than which
model is chosen.

Forecasts and research agenda
The following are the views of the HX Research Team, not
statements of fact.
The research agenda contains four open problems. First,

can the foundation model supply n0 itself? If the width of
its output distribution is reliable enough, the prior’s equiv-
alent periods could be estimated per series rather than set
per category. Second, can censoring repair and foundation
models be combined end to end— is passing stockout flags
as covariates to a covariate-capable model enough to re-
place an explicit censored likelihood? Third, multi-level
quantile reconciliation still lacks methods tied directly to
replenishment cost; how an aggregate-level service target
decomposes to the store level is a problem that spans fore-
casting and operations research. Fourth, the freshness of
evaluation corpora: the gap between a foundation model’s
pretraining cut-off and the evaluation window should be
disclosed as mandatorily as a data card.

Where common industry views may be wrong
”Lead the zero-shot leaderboard, and you should replace ev-
erything.” Leaderboards measure average error, mostly on
series without stockout labels; replenishment is measured
by cost at τ*. The two rankings can be reversed21.
”The longer the history, the more useful the foundation

model.” The opposite holds: the longer the history, the
better local methods can identify seasonality and trend,
and the smaller the relative advantage of foundation mod-
els22,39. Foundation models are worth most for new prod-
ucts with only a few weeks of data.
”A stronger model will fix poor forecasts for stockout-

prone items.” If the training data are censored sales, any
model will learn understated demand. Fix the data first,
then change the model.
”Orchestrating several foundation models is always bet-

ter.” Orchestration gains are bounded by the complemen-
tarity among candidates, and a redundant candidate can
erase them65.

Limitations
This paper has five limitations. First, the illustrative sim-
ulations use synthetic data and simplified demand distri-
butions, and the pooled prior is only a stand-in for a foun-
dation model; it cannot represent the performance of any
real model. Second, most foundation-model results cited
are self-reported in papers or official materials, some in
preprints, and may be subject to evaluation leakage and se-
lective reporting63. Third, cu and co are hard to estimate
precisely in practice, and amisspecified τ* affects our selec-
tion rule; we recommend sensitivity analysis over a range
of τ. Fourth, we mainly discuss the single-period newsven-
dor framework and do not develop multi-period inventory,
lead-time uncertainty or supply constraints. Fifth, data
quality varies widely across FMCG companies, and the
availability of stockout labels and stock records determines
how far Algorithm 1 can be carried out.

8
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Table 4 | Summary of illustrative simulations (fixed random seed 20261104)

Simulation Key settings Results Equation

Cold-start shrinkage 600 SKUs, ση = 0.3, τ* = 0.75 n0 ≈ 7.6 weeks; cost ratio at 1 week: own
history 1.56, prior 1.10, blend 1.09; own
history beats prior after 12 weeks

Eqs (1), (5)

Accuracy versus service 300 intermittent SKUs, 90% target, 13
methods

Correlation between MASE rank and
fill-rate rank −0.63; zero forecast has the
lowest MASE and zero fill rate

Eq. (2)

Censoring repair 400 SKUs, about 34% stockout weeks Mean bias −18.0%→ +1.1%; achieved
service at 90% target 82.4%→ 90.2%

Eq. (3)

Table 5 | Five forecasts (views)

No. Forecast Time scale Main basis Falsification condition Implication for enterprises

1 Major time-series benchmarks
will add decision-oriented
metrics (loss at specified
quantiles, fill rate or inventory
cost) reported alongside point
error and CRPS

12–24 months Accuracy–service
divergence21; decision-focused
learning19,20; benchmark
expansion14,15

By end-2028, major
benchmarks such as
GIFT-Eval and fev-bench still
report only point error and
CRPS-type metrics

Use quantile loss at τ* as the
primary acceptance metric

2 Public retail datasets with
stockout labels or stock
records will become standard
in demand-forecasting
research, and censoring repair
a routine step in retail
evaluations of foundation
models

12–24 months FreshRetailNet-50K23; double
censoring27

By end-2028, fewer than a
third of newly released retail
forecasting benchmarks
include stockout information

Complete stockout and stock
data before evaluating models

3 Enterprise deployments will
mostly use hybrid
architectures — foundation
models as cold-start priors,
statistical methods or boosted
trees for mature SKUs — with
wholesale replacement in the
minority

6–18 months Break-even analysis22;
simulation study39; ceiling on
orchestration gains65

Within a year, most public
retail and FMCG case studies
report wholesale replacement
that beats hybrid architectures
on service level

Decide the deployment
footprint segment by segment
by Eq. (6)

4 Structured input of future
information — promotions,
prices, campaigns — will
become the main source of
differentiation in retail
applications of foundation
models, with gains exceeding
those from swapping
backbones

12–24 months Covariate models8,48,49;
contextual-effects
benchmark52

Controlled comparisons show
that adding structured
promotion information
generally gains less than
switching between
comparable backbones

Prioritize data interfaces for
promotion calendars and price
plans

5 The weakness of foundation
models on intermittent
demand will be offset mainly
by bias correction and quantile
post-processing, not by larger
pretraining

12–24 months Instance-normalization bias
correction21; forecast
collapse46; black-box
correction58

Within two years, a foundation
model appears that, without
post-processing, consistently
beats Croston/SBA-type
methods on service level for
intermittent demand

Keep specialized methods and
bias monitoring for long-tail
SKUs

Conclusion
Time-series foundation models are changing the starting
point of demand forecasting: new products, new stores and
long-tail series have, for the first time, a training-free prior
that yields a full distribution. But in the FMCG replenish-
ment chain, their place is that of a prior, not the end point.
Writing newsvendor cost as quantile loss at τ* by equation
(2) brings the selection criterion back from leaderboard er-
ror to business cost; repairing censoring by equation (3) lets
any model learn true demand; and shrinking by history
length with equation (5), while deciding the deployment
footprint by segment with equation (6), allows the value of

foundation models to be measured accurately.
On the implementation side, according to the company

website, the ”new-product and regional demand forecast-
ing”module ofHX’s FMCGsolution uses hierarchical time-
series and machine-learning forecasts, deployed and re-
freshed on DeepHope S1, and delivers store × SKU×week
forecasts and replenishment suggestions76; Deep Hope S1
provides an on-premises environment for inference and
training77, and the Harness governance engine of the En-
terprise Agent Platform executes tool calls through a con-
trolled interface with the governance layer retaining the fi-
nal say78—both able to carry the selection records, human
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review and fallback of Algorithm 1. For enterprises, the
transferable asset is not any single model but a forecasting
process that selects by cost, deploys by segment and can fall
back.
Key takeaways:

1. Select models with Eq. (2): newsvendor cost equals
quantile loss at τ*; the smallest error is not the lowest
cost.

2. Repair data with Eq. (3): fix stockout censoring before
backtesting and selection.

3. Manage the hierarchy with Eq. (4): reconcile bottom-
level and aggregate forecasts to avoid amplification
across levels.

4. Use the prior with Eq. (5): the foundation model’s
weight shrinks with history length.

5. Decide deployment with Eq. (6): use foundation mod-
els only on segments where cost savings exceed deploy-
ment cost.

Data availability
No new experimental data were generated. Figures quoted come
from the listed references, official materials and the company
website; the illustrative simulations were generated by scripts un-
der the assumptions stated in the text.
Code availability
The script for the illustrative simulations and Figs 1–3 is
src/figs.py (Python, fixed random seed 20261104), provided with
the article package for verification.
Competing interests
The authors are employees of Great Unicorn Intelligence Tech-
nology (Shenzhen) Co., Ltd. The FMCG solution, Deep Hope S1
and the Enterprise Agent Platform’s Harness mentioned in the
text are publicly offered products and solutions of the company.
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