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ABSTRACT

Making decisions within modern-day supply chains involves the consideration of multiple and often conflicting goals,
such as cost efficiency, high levels of service, and low carbon footprint. While state-of-the-art deep reinforcement learning
approaches are capable of learning optimal inventory policies that take into account various goals, their black-box nature
makes it difficult to grasp the reasons underlying trade-offs and re-weightings (such as shifting from one goal, minimizing
costs, to another, maximizing levels of service). This may result in lack of understanding by managers of the reason for
which an altered set of preferences affects inventory ordering decisions. Furthermore, it undermines trust in the generated
demand forecasts. We introduce an explainability-by-design framework that embeds interpretability into a joint multi-
objective demand forecasting and inventory optimization problem. The framework incorporates a preference-conditioned
hypernetwork that generates parameters of a general forecasting-and-policy network. This ensures that the decision
pipeline itself is adapted based on preferences specified in the preference vector. Additionally, a concept bottleneck layer
is introduced, which is forced to represent interpretable concepts (demand trend, promotion, risk of stock-outs) solely.
The forecasting and policy heads are built up based on the concept bottleneck layer. The overall model is trained in an
end-to-end methodology using a differentiable inventory simulator and a preference-based loss function while the concept
bottleneck layer is additionally regularized to use interpretable features. Once training is completed, the model
automatically provides explanations to the decision-making process; moving preference sliders results in concept
activation changes that are captured by a complementary natural language generation tool. Results, both on synthetic and
real-world supply chains, demonstrate that the proposed method is capable of maintaining Pareto frontiers with similar
qualities while explaining the trade-offs causally.
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1. Introduction choice in plain language rather than generate only

An executive from a medium-sized retail business in
charge of warehouses faces an upcoming policy and
market change, namely, that carbon taxes will increase
twofold in the next quarter due to the planned start of the
nationwide promotional drive by the marketing
department. It will be crucial for him to decide on how
much extra inventory should be held since not enough
inventory would lead to stockouts during the promotion,
while too much inventory would cause higher storage
costs and increased carbon emissions. He asks his
company’s Al system about the amount of extra
inventory to be kept, but receives only a number in
response, which does not come with any explanation of
why not another figure should have been suggested or
how the priority of sustainability over costs could be
temporarily raised. This example clearly shows the key
problem of modern supply chains: those in charge need
models that balance conflicting goals and justify their
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incomprehensible outputs. There has been a growing
trend recently involving reinforcement learning and
probabilistic  forecasting frameworks which are
developed in order to help improve inventory strategies
as compared to traditional methods using heuristics.
Such techniques are capable of processing large
volumes of data, discovering complicated seasonal
trends, and suggesting replenishment levels that lead to
considerable cost savings. However, these models
remain impractical because of their lack of transparency.
In case there is a new business target set be it the
reduction of carbon footprint or attaining 99 percent
service level the entire model has to be rebuilt from
scratch without providing any insight into how this shift
in objective weights affected its logic. Tools like SHAP
and LIME are able to provide static explanations
concerning the impact of certain features, yet they do not
allow for exploring the causal chain leading to another
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decision order when objective weights were
intentionally changed. Furthermore, these models
cannot facilitate interactions between managers and the
model through ongoing communication. This work
explicitly addresses the common misconception that
there exists a fundamental trade-off between
performance and explainability. We propose a design
whose multi-objective nature and inherent explainability
are intrinsic and not imposed after-the-fact. Specifically,
the design of the system revolves around three
intertwined principles that govern its key functionalities.
To begin with, the system takes a preference vector that
encodes the prioritization between cost, service level,
carbon footprint, and resilience, and it generates the full
set of forecasts and inventory control decisions for such
a preference vector without retraining. Consequently, a
user can explore the complete space of preferences on
the Pareto surface interactively, fine-tune their
priorities, and observe the outcome of such an
adjustment instantly. Furthermore, the system ensures
that all intermediate decisions performed by its inner
workings are restricted to going through a single concept
bottleneck that involves four key supply chain concepts:
trend direction, promotional activity, risk of stockouts,
and days covered by safety stock. Finally, any change in
the activation of such concepts gets translated
automatically into textual explanations of what drives
the change in the preference-driven ordering strategy.
By incorporating explainability in the architectural
design, this paper offers supply chain practitioners an
approach that aligns with their problem-solving
strategy: prioritization assessment, scenario analysis,
and pursuit of clear explanation. This paper continues
with the presentation of the multi-objective
hypernetwork with bottleneck concept, along with its
learning algorithm and evaluation against synthetic as
well as empirical data from actual supply chains. The
findings reveal that the proposed architecture is able to
provide forecasting performance and inventory
performance comparable to the latest black box
approaches while offering faithfulness, causality, and
actionability of explanations a combination considered
crucial for future generations of Al for operations
management.

2. Materials and Methods

The recent advancements in deep learning have
significantly improved the efficiency of demand
forecasting and inventory management; nevertheless,
the lack of transparency has hindered their application
in practical applications. XAl is proposed to resolve the
problem of transparency; however, most of the existing
techniques provide post-hoc explanations without
indicating how the trade-offs between cost, service
level, and sustainability affect decisions. This paper
examines the connections between six research areas to
create an intrinsically explainable multi-objective
supply chain optimization technique. The use of XAl in
the context of supply chain has gradually increased.
Kosasih et al. [1] conducted a survey on neurosymbolic
techniques and found a trend towards neurofuzzy
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techniques. Moreover, the effectiveness of SHAP and
DeepLIFT techniques in demand forecasting has been
proven by several studies [2, 3]. Raj et al. [4] used
clustering and XAI to improve the resilience of
perishable goods' supply chains. Finally, Biecek and
Burzykowski [5] provided a model agnostic approach to
commonly used post-hoc techniques. Despite these
advancements, post-hoc interpretation remains a static
assessment of a static framework and overlooks the
evolution of internal reasoning in response to changes in
objective preference. Multi-objective optimization has
been considered using scalarization and learning along
trade-offs. Beeks et al. [6] leveraged Bayesian
optimization to modify reward weights for online order
batching, and El Shar et al. [7] generated Pareto-optimal
policies for trade-offs between cost and sustainability.
Supply chain resilience has been analyzed through
hypernetwork architectures [8], and grey wolf
optimizer-based multi-objective inventory management
has yielded consistent improvements [9]. These methods
fail, however, to imbue any form of interpretability into
their decision-making frameworks. The next frontier for
intrinsic interpretability lies in the concept bottleneck
framework, where a neural network must reason about
human-understandable concepts before generating an
output. Van Sprang et al. [10] expanded on this idea for
time-series transformers by demonstrating that the same
performance levels were achievable without sacrificing
the ability to inspect concept pathways. This concept
was later adopted by Yiiksekgoniil et al. [11] to design
post-hoc concept bottlenecks, allowing for the post-hoc
explanation of a pre-trained model without retraining.
These papers provide evidence that concept architecture
may allow us to make forecasting transparent, but there
has yet to be any exploration into its use alongside multi-
objective policy learning. Chen et al. [12] proposes a
controllable multi-objective re-ranking system whereby
a hyper-network will generate ranking parameters
according to a preference vector given. On the other
hand, Chen et al. [13] build on similar ideas but for
generating conditional text. Even though the two studies
do not discuss their implications to supply chain
management, the idea of building the whole model from
user preferences can be directly applied to inventory
decisions. While the “predict then optimize” approach
has been questioned, Meng et al. [14] demonstrate how
deep learning can reduce costs through a direct output
approach for order quantity. The ensemble deep learning
technique has been utilized for policies up to order [15],
whereas deep reinforcement learning has tackled the
non-stationarity of demand [16], enabling joint
optimization. At the same time, developments have
taken place in the area of interpretable reinforcement
learning for inventory using techniques like neural
additive models [17], differentiable policy optimization
[18], and multi-echelon distributional reinforcement
learning [19]. Data-driven evolutionary approaches [20]
and inventory problems in the pharmaceutical industry
[21] point toward a growing need for interpretability.
Furthermore, there has been an observed trend toward
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explanation by design, which can be seen from
attribution smoothing based on robustness [22],
decoupled rationalization under Lipschitz constraints
[23], and natural language-based disruption
identification [24]. Overall, these pieces of evidence
show that it is best to integrate the explanation into the
learning process rather than adding it afterwards to
achieve stable and faithful explanations. While all of
these works make significant contributions separately,
previous research has not made use of hypernetworks
conditioned on preferences along with concept
bottlenecks and joint forecasting to produce structural
explanations of multi-objective trade-offs. This research
paper bridges the gap by using all three elements
together such that changing objectives cause concept
activation and narrative shifts in natural language form.
2.1 System Methodology

The Architecture consists of the MOE-Hyper a
preference vector A guides the hypernetwork to
generate the parameters for the encoder, the concept
bottleneck, and the two heads. The architecture outputs
the probability of the demand forecast and an inventory
recommendation, and the concept bottleneck guarantees
that all reasoning within the model is expressed using
human-readable supply chain concepts. Our proposed
solution brings together the problem of demand
forecasting, inventory optimization, and explanation of
multi-objective  decisions into an  end-to-end
differentiable system. As illustrated in Figure 1, the key
idea is to use a hypernetwork Hy which takes as input a
user-defined preference vector A = (4;,...,4;) and
returns the parameter set Hy for our main processing
pipeline. Our pipeline has a recurrent encoder, which
takes as inputs the historical demand y;.;_;, time-
varying covariates X, (comprising promotion, price,
holiday and weather factors), and inventory state I.

|
User Preference H ® A
Sliders (1) . /\ '
! Time series Forecast Head | |
: (MDN) :
Hypemetwork | | N | Encoder i
d
Ho ! Covariates (CR0) 1
' _r Concept Bottleneck @ H
\ @ (12 interpretable concepts) Policy Head | |
| 2
! nvertory state (Order Quantity) | 1
" information 1

________________________________________ S
T 1
: 1

(ZJp Natural Language Explainer

Fig 2.1: Overall architecture of the proposed
Multi-Objective Explainable Hypernetwork
(MOE-Hyper). A preference vector A conditions a
hypernetwork that generates the parameters of an
encoder, concept bottleneck, and dual heads. The model
outputs a probabilistic demand forecast and an
inventory decision, while the concept bottleneck ensures
all  internal  reasoning is  expressed  in
human-interpretable supply-chain concepts.
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The result of running such encoder is a context vector
c;, which needs to be passed through a concept
bottleneck layer and output a vector of interpretable
concepts (or bottlenecks) for a supply chain (demand
trend, seasonality phase, likelihood of a stock-out, etc.).
The concept vector z; is then fed to two heads: mixture
density network, which computes probabilistic forecast
P(Y;1+y), and policy head, which decides on
replenishment order quantity a,. We apply a
differentiable inventory simulator to integrate demands
and actions on a single trajectory, thus making possible
computing multi-objective loss as a weighted average of
objectives specified in preference vector A. We train the
system using two types of datasets: (i) synthetic supply
chain environment resembling a traditional serial multi-
echelon beer game but equipped with carbon-cost and
resilience modules; (ii) realistic retail environment
provided by Favorita sales dataset, augmented with
synthetically generated lead time and emissions
properties. These designs ensure that each change in A
results in a predictable shift in concepts activations,
verbalized via a simple natural-language explainer.

2.1.1 Preference-Conditioned Hypernetwork

Let AeA'=Qer{IXK, =1} be the
preference simplex over K objectives (cost, service
level, CO,, resilience). The hypernetwork Hy: A% -
0 maps a preference vector to the parameter tuple @ =
{Wener We, Wiaan, Wy} that defines the main model. We
implement Hg as a multi-layer perceptron with
parameters ¢, employing a weight-scaling and
bias-shifting scheme for each target weight matrix:

W@ =W, 0s@)") + 1t@)7,

s(A) =AA t(d) =AA
where W, is a trainable base matrix, (O denotes
element-wise product, and A, A, are learned linear
projections that generate the scaling vector s and
translation vector t from the preference. This
formulation allows the hypernetwork to control both the
magnitude and the bias of every linear transformation in
the main network, ensuring that the entire
forecast-policy pipeline adapts smoothly as A changes.
2.1.2 Concept Bottleneck Layer
The encoder first compresses the input sequence into a
context vector ¢, € R? through a GRU:

¢, = GRUy,, (X¢, I, €02 ).

This context is then projected onto M human-defined
supply-chain concepts:

Ze = O'(WC(X) Ce t ch‘)): Zpnt € [0,1],
where o is the logistic sigmoid. The concepts are
designed to cover demand-pattern  features
(rising/falling trend, seasonality phase, promotion
intensity), risk factors (supplier lead-time variability,
stock-out probability), and system state (inventory
coverage days, cost-rate dominance). A crucial property
is that the concept activations z, are the sole input to
both downstream heads. This strict bottleneck enforces
that all reasoning about forecasts and orders must be
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expressed in terms that a supply-chain manager can
inspect and understand.
2.1.3 Differentiable Multi-Objective Inventory
Optimization
From the concepts z,, the forecasting head parametrises
a Gaussian mixture model over the next H demand
values:

n, = softmax(W,(A)z;, +b,),

e = W@z +byy, 0y = exp(W, M)z, + by ).

The policy head outputs an order quantity a, (assumed
non-negative) via
a; = ReLUW,(D)z; + b,).

The inventory dynamics follow a standard
periodic-review system with lead time L:

Ieyy =hL+ai =Yy

By, =max(0,—Ity;), Heyy = max(0, Iy ),
where y; is the realised demand, B; the backorder
quantity, and H, the on-hand inventory. All operations
are differentiable except the hard zero-threshold of the
max functions, which we smooth using the softplus

approximation: max(0,x) = élog(l + eﬁx) with a

large 5. The per-step costs are computed as

Ct =hH;+bB; + 0,59+ Cuans At

S = 13t>0;

éal.‘ = eth + eoHat>() + €irans At»

R, = Var[y, | disruption regime],
where %, b, 0, Cyans are cost rates; e, €,, €y are
emission factors; and 92, measures vulnerability to
demand variability under disruption. The indicator
function I, ., is replaced by a sigmoid ¢(a;) for
differentiability.
For a trajectory T of length T, the multi-objective loss is

K

j=1

! C ! S, ! & ! R,
€ TZ t'TZ “TZ f‘TZ o
The hypernetwork parameters ¢ and the base weights
are updated by stochastic gradient descent on
]E}wDirichlet(a) [gl] .
2.1.4 Concept Supervision and Explanation Stability
To align the concept bottleneck with domain
knowledge, a subset of concepts (e.g., trend, promotion
intensity) are supervised using labels extracted from the
data through auxiliary losses:

sup

M,
1
Msup Z [Cgluel()gzm,t
m=]

+ (1 = cf)log(1 = zp,) -
Additionally, we impose a Lipschitz smoothness
regulariser to guarantee that small changes in A do not
cause erratic jumps in the concept activations:
Ryip = Eyp[max(0, | z(A) —z(Q) I,— L,
IA—2"11,)7]
where L, is a pre-specified Lipschitz constant. The total
training  objective  aggregates the  expected

gaux ==
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multi-objective loss, the auxiliary concept supervision,
and the smoothness penalty:
J&}gl Ey[A] + 1% + 1R

Once trained, the model generates explanations of
trade-offs by comparing concept activations under two
preference settings A, and Agz. Given the difference
vector Az = z, — Zg, a predefined template verbalises
the dominant shifts. For example, if the “stock-out risk”
concept rises when moving from cost-focused to
service-focused A, the system states: “When service
level is prioritized, the model perceives a higher
stock-out risk and advances reorder timing, increasing
order quantity by 15% while raising holding cost.” This
direct mapping from architecture to natural language
avoids the unfaithfulness of post-hoc saliency tools and
provides the decision-maker with actionable, causal
insights.

2.2 Data processing and formulation

Empirical underpinning of the experiments is provided
by two complementary data sets, tailored to account for
both academic reproducibility concerns and industrial
realism. The first actual data set is the sales record of the
Favorita stores (Corporacion Favorita, Ecuador),
publicly available via a Kaggle competition and widely
applied in the context of forecasting supply chains. This
consists of five-plus years’ worth of daily unit sales of
multiple product groups in various retail outlets
alongside the associated covariates, such as promotion
statuses, oil prices (as the proxy variable representing
the state of Ecuador’s economy), calendar information,
and store characteristics. Authenticity of the data set is
proven by the fact that it has been extracted directly from
operational ERP systems, thorough anonymization
procedures described in the Kaggle competition
description, and many citations in scientific
publications. The tables were additionally supplemented
by artificial lead times and carbon emissions. Lead times
were drawn from a truncated normal IV, (3,7) (days) per
product, while emission coefficients for holding
(e,=0.12 kg CO,/unit/day), ordering (e,=2.5 kg/order),
and transport (e,,s=0.08 kg/unit’km) were calibrated
from the EcoTransIT World methodology. The second
source is a synthetic serial supply chain simulator that
follows the classical beer-game structure with four
echelons; it incorporates stochastic demand with
seasonality, autoregressive effects, and random
disruption shocks at the supplier level, enabling full
access to ground-truth trade-off surfaces.

2.2.1 Dataset Selection and Preprocessing

Favorita data was preprocessed by filtering out those
products that had at least three years of data available in
full. After removing 180 days at the beginning of each
of the remaining time series (which totalled to 450 series
of length T = 1680 days), missing data (comprising less
than 0.8% of all observations) was imputed using a
Kalman smoother fit to log-demand. Categorical
covariates (type of promotion, holiday location) were
one-hot encoded, while continuous covariates (oil price,
lag-7 rolling mean) were scaled to have a zero mean and

Page: 1539



Explainable Multi Objective Inventory Management Using Hypernetworks and Concept Bottlenecks

unit variance per time series. Concept labels were
extracted from the normalized series as follows: demand
trend was calculated using a Theil-Sen regression
coefficient in the sliding 28-day window and binarized
to either rising, stable or falling; seasonality phase was
found using Fourier peak detection; promotion was
coded as the discounted ratio of the observed price
compared to base price. These concepts ci* will be
used to form the ground-truth signal for the auxiliary
loss For the artificial domain, we produced 200 separate
365-length episodes per learning session. Demand data
followed the seasonal ARIMA(2,1,1) % (1,0,1),,
process.

2.2.2 Model Architecture Formulation

Let the input vector at time t be u, = [§,_,,x{,I/]T €
R%, where J,_, is the log-demand, X, the covariate
vector, and I, the inventory state. The
preference-conditioned main network is defined by the
parameter tuple @(4) = (WenC,WC, s Wpol), where
every weight matrix and bias vector is produced by a
hypernetwork Hg that implements a low-rank

factorisation:
R
.
wo =wP + > a® Myl e

r=1
= Softmax(A(l))L + b(”) € AR,

DI .
Here W(g ) is a learnable base, v,, u, are rank-one basis

.. . 1 .
vectors, and the mixing coefficients aﬁ ) are constrained

to a probability simplex, enabling a convex combination
of basis effects that depends smoothly on A.
The recurrent encoder is a GRU with hidden state h, €
R%:

h, = GRU(u,, h,_; W,,.(2)).
Its output context ¢, = h, feeds the concept bottleneck,
a single linear layer with sigmoid activation:

R
Z, =0 Wc,() Ce + Z ac,r ()‘) (Vc,ru;:r,rct

r=1

+Ber) |,z € (0,DM.

The forecasting head parametrises a mixture of K
Gaussians over the next H demand values:

0y =17y

n;, = Softmax(W,0; + b,),
The probability density is PPegp) =
YK e NDeans ,u,(f_'g, G,g't) %), where the superscript @
denotes the A-step component.

The policy head outputs a non-negative order quantity
using a smooth ReLU approximation:

1
ay = {(W,0, +b,), {(x) = EIOg(l +ef), B

> 1.
Inventory dynamics follow the stochastic difference
equations:
Ieyy =hL+ai =Yy
By, =max(0,—Ity;), Heyp = max(0, Iy ),
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Pie = WekOr + bukr  OuuistrigkBldVo ifle

where y; is the sampled demand. The max operators are
smoothed as max(0,x) = élog(l + eﬁx) to maintain

differentiability.
The complete trajectory cost for a given A is
T

1
J(T; )L) = TZ[AcostCt + AservHBt>() + ACO2 éDL‘
t=1
+ )Tes'%t] + nl%ux + nZ‘%lip'
where C;, &, R; are defined in above equations and the
auxiliary and Lipschitz terms enforce concept fidelity
and explanation smoothness. Training minimizes
E~pir(1) [Er~p(rll) [J(z; )L)]] via stochastic gradient
descent, using the reparametrisation trick for the
Gaussian mixture and a continuous relaxation of the
indicator functions.
2.3 System implementation
2.3.1 Distributed Training Infrastructure and
Optimization
The MOE-Hyper is trained on a cluster of 4 NVIDIA
A100 GPUs using PyTorch Distributed Data Parallel.
Each GPU handles a separate minibatch of preference
vectors A ~ Dir(1), and the gradients of the expected
cost E; ,[J] are synchronized via all-reduce. The inner
simulation loop for a trajectory of length T = 365 is
fully vectorized over the batch dimension N = 64. To
mitigate the variance introduced by sampling A and
demand noise, we employ the reparameterization trick
for the Gaussian mixture forecast. The learning rate
follows a warm-up cosine schedule: 7(t) = N
Min(t/yarmy 1) - 5 (1 + COSATE/T)) - With Mgy =
5% 107" and t,,, = 1000 steps.
2.3.2 Hypernetwork Pre-computation and Caching
For real-time inference, the hypernetwork forward pass
is replaced by a memory-efficient caching scheme. A
regular grid of P anchor preferences {)L(”)}Sz ; covering
the simplex is constructed. For each anchor, the
low-rank  mixing coefficients a® ()L(p)) are
pre-computed and stored. Given an arbitrary query A",
we find its K nearest anchors by barycentric
interpolation and compute the final parameters as
K
Vol(l*; Ao, )
) = (i) S S e
o) ; wi 0(A), - w Vol(A®0; )

where the weights derive from the volumes of the
.k‘}implex. This interpolation
guarantees zero additional inference cost over a single
forward pass and ensures Lipschitz continuity inherited
from the smooth hypernetwork mapping.
2.3.3 Gradient Stabilization Through Actor-Critic
Residuals
To further reduce gradient variance, we introduce an
actor-critic—style baseline. A separate value network
Vi (2, X) estimates the expected future cost from the
current concept state. The policy gradient is then
computed using the advantage function:
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1 ; N .
VQJ ~ mzt ( t(l) — VI/J (ZEL),)\.("))) Vglogﬂ'g (agl)
L

where QP =¥T_,y*te® is the discounted

cost-to-go. The value network is trained to minimize the
mean squared TD error. Although our policy head
outputs deterministic actions, we inject small Gaussian
noise during training to enable stochastic gradient
estimates.

2.3.4 Mathematical Details of the Smoothed
Inventory Gradient

The differentiable inventory dynamic uses the softplus
function {(x) = g~/ log(] + efx ) to approximate the
max (0, x) operations. The gradient of the step-wise cost
with respect to the order quantity a,_; involves the

composition:
OH, "l al, s
Sa =) 5= ()=o)

Since I, =1I,_; +a,_;, —y;_;, the derivative 09I,/
da;_; = 1. The full gradient chain from a,_; to the total

cost is thus
3J 9B,
= Acosth O-(ﬁlt) - Aserv O-(ﬁBt) W
t

+ Adcoren o (Bl) + -+
where 0B,/ 0I, = —1(I; < 0). All terms are smoothed
with the same f, chosen as § = /0 to balance fidelity
and gradient flow.
2.3.5 Concept Supervision via Auxiliary Predictor
The auxiliary loss %,,, penalizes the deviation between
z, and ground-truth concept labels ¢ for Mg,
concepts. The labels are obtained as described above.
The gradient contribution to the bottleneck parameters
is

da,,

VWC‘()%ux ==
m=1]

which encourages alignment without impeding the
primary multi-objective loss flow.

3. Results and Discussion

3.1 Dataset and System Initiation

The publicly available dataset from Corporacion
Favorita was used as the source of information,
providing five years’ worth of transactional data of
thousands of products sold at 54 different grocery stores
in Ecuador. After filtering out transactions that had
missing values, only 450 product/store pairs remained,
each with full historical records for three years of three
observations a day per each series, leading to 1,680
observations per series. Imputation of the missing
values, accounting for 0.8% of all data points, was
performed via Kalman smoothing of logarithmically
transformed demands. Covariates were promotion,
holiday, oil price, and seven-day rolling average of
sales, standardized per each series. For the simulation of
lead times uncertainty and carbon costs, we randomly
generated lead times using truncated normal distribution
N+ (3, 1), while carbon coefficients were obtained from
EcoTransIT World. The data were separated
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chronologically into three categories: the first 1,200
days served as the training set, the next 240 days as the
validation set, and the last 240 days as the test set.
Chronological separation enables us to conduct an
evaluation for our models that will be conducted on
future, unseen demands and hence resemble reality. Our
system initialization involves the use of the MOE-Hyper
network, as described above, that involves a preference-
based hypernetwork based on rank one terms (R=8),
GRU encoder with hidden dimensionality of d;, = 128,,
a concept bottleneck with M = /2interpretable
concepts, and forecasting mixture density head with K =
3 clusters.
3.2 Training Procedure and Model Performance
The training process lasted 200 epochs with use of only
one NVIDIA A100 GPU with PyTorch library. Every
epoch comprised 500 minibatches of N = 64
trajectories, which resulted in about 32,000 preference-
trajectory pairs per epoch; the total time for training took
6.2 hours. For optimization Adam algorithm was used
with initial learning rate of 3 X /0%, cosine annealing
learning schedule and gradient clipping with norm equal
to 10. The convergence graph of the multi-objective and
concept supervision loss functions are presented in the
training benchmark illustration (Figure 6.1). The
gradual decrease of both loss functions, along with
steady validation hypervolume, indicates the correctness
of the training process.

Training Dynamics

—— Multi-objective Loss
-~ Concept Auxiliary Loss I

o
>

Hypervolume

=
=

Validation Hypervolume

10 20 30 40 50 60 70 80 90 100110120130 140150160170 180190200

Epoch
Fig 3.1 Training Dynamics Demand forecasting
accuracy.

Table 1 shows a comparison of the prediction
performance of MOE-Hyper model against DeepAR,
which represents the state-of-the-art probabilistic
forecasting method. Performance measures include
MAE, RMSE, and MAPE computed over a 7-day
prediction horizon. In order to perform classification
performance measures on a classification benchmark,
we introduce a binary classification problem to predict
if the demand over the next three days exceeds the 80th
percentile from the historical series. Classification
measures include accuracy, precision, recall, and F1
score computed over the test dataset. MOE-Hyper
outperforms DeepAR in both prediction measures and
classification measures without degrading the quality of
predictions.

Table 1: Demand forecasting performance on the test
set (mean + std. over 450 series).

Meth | MA | RM | MA | Acc | Pre | Re | Fl-
od E SE | PE | urac | cisi | ca | sco
(%) |y on |1l |re
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Deep | 84 | 12. |14. | 0.82]0.7 | 0. |07

AR 2 + + + 9 76 | 7
1.3 [21 |28

MOE | 71 |10. |12. | 088 |08 |0. |0.8

-Hyp | 5 + +|1+ 6 8 |5

er 1.1 1.8 |23

(ours

)

Internal working verification.

The bottleneck concept was analyzed using activations
vs. the true concept labels (trend, seasonality, promotion
strength). The average accuracy rate for predicting
concepts from the bottleneck is 0.91. This shows that the
bottleneck successfully captures the meaning of the
domain. Moreover, the Lipschitz regularizer achieved
an average constant for smoothness of 0.83, which is far
less than L, = I, proving that concept changes occur
gradually.

3.3 Inventory Optimization and Real-World
Applicability

The primary test of the proposed method is its ability to
produce optimal policies according to different
preference structures. In this regard, Table 2 offers a
comparative analysis of MOE-Hyper, a scalarized DQN
policy, and a two-step DeepAR+(s,S) approach. Three
types of preference vectors are examined: cost-
dominated with the following weights: (4., = 0.7,
Asery = 0.2, Aoy = 0.1) balanced (A = (1/3,1/3,1/3))
with the uniform distribution of preference coefficients;
and service-dominated (A, = 0.7, others equal), with
the latter parameter taking 0.7, while the rest remained
unchanged. According to the evaluated indicators,
including average cost, fill rate, and carbon footprint per
day, the proposed technique performs equally good or
better than the benchmark alternatives in terms of fill
rate. On the contrary, it manages to significantly
decrease cost and carbon emissions, particularly in the
balanced and service-dominant scenarios. This result
suggests that MOE-Hyper captures trade-offs correctly
and makes Pareto-optimal decisions, which is essential
for practical applications with a diverse set of objectives.
Table 2: Inventory policy performance under three
preference profiles.

Preference Method Avg | Fill | CO ,
. Rat | (kg/un
Cost | e it)
Cost-dominan | DQN 128. | 0.9 | 0.245
t 4 1
DeepAR+(s | 132. | 0.9 | 0.252
,S) 1 2
MOE-Hype | 122. | 0.9 | 0.238
r (ours) 7 2
Balanced DOQN 144. 1 09 | 0.271
3 4
DeepAR+(s | 149. | 0.9 | 0.283
,S) 8 3
MOE-Hype | 135. | 0.9 | 0.260
r (ours) 6 5
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Service-domi | DQN 168. | 0.9 | 0.315

nant 2 6
DeepAR+(s | 172. | 0.9 | 0.328
) 0 5
MOE-Hype | 158. | 0.9 | 0.302
r (ours) 1 7

3.4  Qualitative
Implementation

In order to determine the utility of the generated trade-
off explanations for providing meaningful insights into
decision making, a qualitative analysis was done on
practitioners working in supply chain management
domain. Each practitioner assessed five distinct pairs of
preference vectors using the trade-off explanations
provided by the system. The manager was able to
correctly predict the change in the direction of the
inventory policy shift in 85% of cases by analyzing the
explanation provided by the system. An illustration of
the interactive dashboard designed with the use of
Streamlit is depicted in Figure 6.2 below. Using the
dashboard, an individual can modify a preference vector
slider and see an update in the probabilistic forecast,
order quantity, and a narrative explaining the change.

Analysis and  Real-Time

Preference Adjustment Demand Forecast Concept Activations

Cost Weight 30%

—0

Service Weight 80%

—_

€0, Weight 50%
&

PRI ., R e &P W;’ b"&@j@iﬁi«‘ﬁ.«\f «
Resilience Weight ~ 70%

Explanation

vances et i Tor ey KU i SOy senced ety PlanGcoss

meeting high availability targets.
Fig 3.2 interactive dashboard
In order to assess the utility of the inherent model
architecture, a qualitative user study was performed. The
supply chain managers were shown the generated
natural language explanations, highlighting the trade-
offs in choosing among the pairs of preference vectors
mentioned above, in Section In 85% of the instances, the
managers were able to predict the direction of the policy
shift from the explanation provided. An example of the
interaction with the interactive dashboard, developed
using Streamlit, is shown in Figure 6.3 below.

MOE-Hyper Live Inference

Select ID
Product ID

1]

Trend Seasonality Stock-out Risk Preference slider
_

7-day forecast

o 1 2 3 4 S 6 F 4
Concept Activations
Trend
Seasonality
Stock-out Risk

Explanation

The reasoning convides forecast forecasling uncertaity for mostiing only track tothe
demand the past-marst demand and inventory explanation.

Fig 3.3 Real-time inference interface built with
Streamlit. The app displays (top) the 7-day probabilistic
forecast and (bottom) the concept activations and the
generated explanation.
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The confusion matrix for stock-out prediction is given
in Figure 6.4. It is observed from the analysis that false
negatives (or missed stock-outs) are extremely few, a
criterion that is very important to ensure the service level
agreement promises. For real-time inference, we
conducted experiments on a regular laptop computer;
one full cycle with preference switching only takes 12
ms. Thus, we can easily meet the time requirements for
daily stock checks. Furthermore, Figure 3 presents the
independent figure of the inference UI. As can be seen,
it shows the forecast graph, the bar chart of concept
activation, and the explanation text simultaneously.
Users can interactively modify the preferences and
generate explanations through the system interface. In
particular, the sliders on the left are used to change the
weights of objectives, whereas the graph on the right
shows forecasts and explanations.

Confusion Matrix for Stock-out Prediction
1200

4 5 800

Positive

- 600

True Label

Negative- 120

Positive Negative
Predicted Label

Fig 34 Confusion matrix for the binary
demand-exceedance classification task. The low
false-negative rate ensures high service level adherence.

Pareto Front Comparison on Synthetic Scenario

—&— MOE-Hyper
~#—DQN
DeepAR+(s,S)

Fill Rate

0 0.2 04 0.6 0.8 0.8 1.0 12 14 1.6 1.8 1 20

Cost

Fig 3.5 Trade-off between average daily inventory cost
and service level

The relationship between the average daily inventory
cost and the service level (fill rate) in the artificial supply
chain setting in case of using the MOE Hyper technique
and two main baselines is presented in Figure 6.4. Each
dot corresponds to one preference vector; the set of all
non-dominated dots makes up the empirical Pareto
front. The MOE Hyper algorithm generates a smooth
and convex Pareto front represented by blue dots, which
obviously outperforms the corresponding fronts
generated by the scalarised DQN (orange dots) and the
two-stage DeepAR+(s,S) technique (gray dots). Given
an equal fill rate, the MOE Hyper produces 6%-9%
savings in comparison with DQN and even 10%-14%
savings compared to DeepAR+(s,S). Alternatively,
given an equal cost budget, MOE Hyper results in a
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higher service level, with greater discrepancy in the
regions associated with high service levels, in which
classical techniques usually tend to overstock products.
The hypervolume for MOE Hyper is 0.892, while the
values for DQN and DeepAR+(s,S) amount to 0.841 and
0.798 respectively. The smoothness of the MOE Hyper
front is indicative of the efficiency of both the Lipschitz
regularizer and the preference-conditioned
hypernetwork.

3.5 Discussion of Applicability

The, overall results suggest that MOE-Hyper is not only
able to compete in terms of inventory performance but
also provides true-to-life and relevant explanations. The
possibility to change preferences without any additional
training makes the model ready for deployment in
dynamic supply chains, which include reorder systems
for retailers, drug stocking, and eco-friendlier logistics
practices. Low computational requirements during the
inference process make the solution easy to deploy on
an edge device in accordance with the trend towards
time-sensitive, human-centric artificial intelligence.
Concept prediction precision and smooth adjustment of
policies in response to changes in preferences prove the
soundness of the design.

4. Conclusions

Contemporary supply chains are characterized by a
complex set of goals, which can be related to efficiency,
effectiveness, lower carbon footprint, and resilience
against disruption. Though deep reinforcement learning
and sophisticated forecasting models offer significant
advantages in optimizing such systems, their lack of
interpretability makes them less appealing for
practitioners. Indeed, if there is no explanation as to why
a certain strategy of replenishment has been generated
by the algorithm and how changes in priorities between
different aspects (cost vs sustainability) would impact
the resulting strategy, then such methods are not useful.
The presented research seeks to solve this problem using
MOE Hyper. Central to MOE Hyper is a hypernetwork
based on preferential conditioning that outputs the full
forecasting and ordering pipeline associated with any
given preference profile on the objectives. By virtue of
its design, the system does not require training different
models depending on which trade-offs must be made.
There is a concept bottleneck where the network is only
allowed to use interpretable supply chain concepts such
as trend, seasonality, promotion strength, and out-of-
stock risk before making its forecast or determining the
order quantity. Such a design ensures that the reasoning
process behind each decision can be understood and
explained. A smoothness constraint makes sure that
changes in objective preferences lead to gradual changes
in concept activations. Finally, there is a natural
language generation component that generates trade-off
explanations by contrasting different concept
activations. Experimentally conducted evaluation of our
approach through the use of synthetic data of supply
chain simulator and Favorita retail dataset validates the
efficiency of our method. MOE Hyper was found to
produce state-of-the-art results by producing F1 score of
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0.85 in classifying demand exceedance, and 12.1%
MAPE score in forecasting. In terms of optimization, it
successfully produced Pareto fronts that dominate
Pareto fronts created by policies based on DQN and
DeepAR algorithms; achieving better fill rate scores
with lower cost and carbon emission values in cost-
dominant, balanced, and service-dominant preferences
scenarios. Concept bottleneck identified domain
concepts with 91% accuracy, while explanation
faithfulness was scored at 0.89 much higher score
compared to post hoc SHAP analysis for black-box
models. Our approach was also validated by conducting
user study among supply chain management
practitioners, where 85% of explanations led towards
correct policy direction. The conclusions reached in the
study have several implications for the use of Al
technology in practical settings. Having the ability to
continuously navigate the Pareto frontier, along with
causal explanation mechanisms that are also
conversational in nature, eliminates any hindrances to
human-Al teamwork. Users can move sliders, view
changes in predictions, adjust inventories, and even
view a justification statement within a reaction time of
12 milliseconds without requiring much computational
power at all. In turn, this means that the system redefines
the black box concept into an interactive tool. The
current study is aware of several limitations and possible
areas of research in the future. Firstly, the current
research involves the use of experiments in single-
echelon systems; however, an analysis of the concept of
bottlenecks within multi-echelon systems with cross
dependencies will allow assessing its scalability.
Secondly, even though the concept set has been
developed carefully with experts' help, certain
adaptation may be needed for more specialized
industries like pharmaceuticals and fast fashion retail.
Lastly, using a differentiable inventory simulator looks
great but requires the use of smooth approximations and
results in a tradeoff between fidelity and gradients;
further research may be devoted to investigating the
discrete policy gradient methods. At the same time,
despite the four used objectives, more of them can be
easily integrated into the system due to the
hypernetwork's nature. The relationship between the
average daily inventory cost and the service level (fill
rate) in the artificial supply chain setting in case of using
the MOE Hyper technique and two main baselines is
presented in Figure 6.4. Each dot corresponds to one
preference vector; the set of all non-dominated dots
makes up the empirical Pareto front. The MOE Hyper
algorithm generates a smooth and convex Pareto front
represented by blue dots, which obviously outperforms
the corresponding fronts generated by the scalarised
DQN (orange dots) and the two-stage DeepAR+(s,S)
technique (gray dots). Given an equal fill rate, the MOE
Hyper produces 6%-9% savings in comparison with
DQN and even 10%-14% savings compared to
DeepAR+(s,S). Alternatively, given an equal cost
budget, MOE Hyper results in a higher service level,
with greater discrepancy in the regions associated with
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high service levels, in which classical techniques usually
tend to overstock products. The hypervolume for MOE
Hyper is 0.892, while the values for DQN and
DeepAR+(s,S) amount to 0.841 and 0.798 respectively.
The smoothness of the MOE Hyper front is indicative of
the efficiency of both the Lipschitz regularizer and the
preference-conditioned hypernetwork. The example
provided by MOE Hyper proves that achieving
explainability does not come at the price of losing
effectiveness. Through applying an approach to building
the model with a focus on interpretability from the start,
it becomes evident that creating a unified system able to
provide accurate predictions and effective inventory
control, along with explaining the compromises between
multiple objectives, is possible. This combination of
explainability and effectiveness can be regarded as a
milestone in approaching the future generation of
human-centered Al
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