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ABSTRACT

Dynamic pricing in high-dimensional markets poses fundamental
challenges of scalability, uncertainty, and interpretability. Existing
low-rank bandit formulations learn efficiently but rely on latent
features that obscure how individual product attributes influence
price. We address this by introducing an interpretable Additive
Feature Decomposition-based Low-Dimensional Demand (AFDLD)
model, where product prices are expressed as the sum of attribute-
level contributions and substitution effects are explicitly modeled.
Building on this structure, we propose ADEPT (Additive DEcompo-
sition for Pricing with cross-elasticity and Time-adaptive learning),
a projection-free, gradient-free online learning algorithm that op-
erates directly in attribute space and achieves sublinear regret of
O(Vd, T*%). Through controlled synthetic studies and real-world
datasets, we show that ADEPT (i) learns near-optimal prices un-
der dynamic market conditions, (ii) adapts rapidly to shocks and
drifts, and (iii) yields transparent, attribute-level price explanations.
The results demonstrate that interpretability and efficiency in au-
tonomous pricing agents can be achieved jointly through structured,
attribute-driven representations.
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1 INTRODUCTION

E-commerce platforms operate in complex, high-dimensional mar-
kets where product variety is vast and consumer behavior is dy-
namic. They rely on sophisticated tools for recommendation [18,
21], inventory-aware personalization [15], and demand forecasting
[24]. Among these tools, pricing remains a central and powerful
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lever, affecting not only revenue but also inventory movement, com-
petition, and customer engagement. Dynamic pricing, the practice
of adjusting prices over time in response to market conditions, en-
ables platforms to align prices with consumer preferences, temporal
trends, and competitive pressures [6, 10].

The dynamic pricing problem involves sequentially setting prices
for products with the goal of maximizing cumulative revenue over
time under uncertain and evolving demand. Dynamic pricing strate-
gies can broadly be categorized into two paradigms. The first,
demand-based pricing, adjusts product prices in response to aggre-
gate demand signals, offering a coarse-grained control mechanism
over revenue and inventory [7]. In contrast, personalized dynamic
pricing leverages fine-grained user-level features — such as de-
mographics, purchase history, and behavioral patterns — to set
individualized prices aimed at maximizing user-specific revenue or
engagement [5, 16]. While demand-based methods are reactive and
population-level, personalized approaches enable more nuanced,
context-aware pricing decisions.

In this paper, we focus on demand-based pricing. The demand
for a product is typically decomposed into (i) a baseline compo-
nent—representing consumer preference over product attributes,
and (ii) an elasticity component that quantifies how demand changes
in response to pricing [4, 14]. Self-price elasticity captures the effect
of a product’s price on its own demand, while cross-price elasticity
reflects the influence of other products’ prices, particularly for sub-
stitutes with similar features [2]. A key aspect in modeling elasticity
is the substitution effect, wherein a similar product priced lower
adversely affects the demand of a given product.

Dynamic pricing in real-world markets is challenging due to
two key factors: (a) the high dimensionality arising from large prod-
uct catalogs and (b) the uncertainty in baseline preferences and
elasticity matrices. An autonomous pricing agent that uses (a) a
low-dimensional feature representation to tackle the high dimen-
sionality of product catalogs and (b) an online learning paradigm
to tackle the uncertainty in elasticity is a good candidate to solve
the dynamic pricing problem. A highly desirable quality of such an
autonomous agent is interpretability: its decisions should provide
actionable business insights.

In this paper, we study dynamic pricing in markets with closely
related products — such as mobile phones, hotels, or airline tickets —
where both demand and pricing are driven by product attributes. In
this setting, we make two key contributions: (I) a novel interpretable
low-dimensional demand model, and (II) a dynamic pricing algo-
rithm tailored for this model under unknown and evolving market
conditions.
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Contribution I: Our notion of interpretability is the ability to
explain price differences through observable attribute contributions
and substitution effects. Informally, we aim to answer the following
question:

Why is product A priced higher than product B?
We aim to develop an interpretable model that can answer:
"Product A is priced higher because it offers additional features that
product B lacks."

To support such reasoning, we propose the Additive Feature Decomposition

based Low-Dimensional (AFDLD) model, which expresses prices as
additive contributions from observable attributes. By linking prices
directly to measurable features (e.g., RAM, camera, display), AFDLD
provides a transparent decomposition of each product’s price and
captures substitution effects among similar items. This constitutes
our first contribution: an interpretable framework that explains
price differences and substitution patterns through attribute-level
decomposition.

Contribution II: Next, under the AFDLD model, we address
the question:

How should we price products in dynamic markets?

Real-world markets are dynamic, with shifting demand and uncer-
tain consumer preferences. To tackle this, we introduce ADEPT—an
online learning algorithm for dynamic pricing under the AFDLD
model. ADEPT operates in attribute space and achieves sublinear re-
gret of O(VdT?**), enabling effective pricing decisions in evolving
environments.

Novelty: Mueller et al. [19], introduce a low-rank demand model
and OPOK, an online learning algorithm for dynamic pricing. In
comparison, our work is novel in two respects - (a) Our Addi-
tive Feature Decomposition (AFDLD) enables attribute-level inter-
pretability and (b) we explicitly incorporate substitution effects into
the demand formulation. To the best of our knowledge, existing
low-rank bandit formulations do not explicitly model substitution
effects across products in an interpretable manner. This omission
is critical, as substitution drives cross-product interactions that
significantly influence demand and revenue outcomes. Our work
addresses this gap by incorporating substitution effects directly into
the attribute-level pricing formulation, thereby enabling realistic
and actionable pricing.

We next introduce Additive Feature Decomposition (AFD) to model
interpretable, attribute-based prices.

2 ADDITIVE FEATURE DECOMPOSITION
(AFD) OF PRODUCT PRICES

We begin with the definition of attribute-based features.

DEFINITION 1 (PRODUCT-FEATURE MATRIX). For a market with
N products, each having d observable attributes, let U € RN denote
the product—feature matrix. The feature vector of the i'" product
isU(@) = (U®G,1),...,U(i,d)), where for j = 1,...,d, U(i,j) €
{0,...,k}, i.e, each attribute takes a discrete value from {0, ..., k}.
We also use u(i)™ € R to denote the i row of U € RNX9,

Additive feature decomposition (AFD). AFD expresses the price
of a product as the sum of interpretable feature contributions: each
product/service attribute (size, brand, materials, options, policies)
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Figure 1: Illustration of additive feature-based price decom-
position across domains.

carries a transparent attribute-level price. We now discuss how

Additive Feature Decomposition (AFD) naturally arises in four

domains: electronics, apparel, hotels, and airlines. (See Figure 1 !).
Examples Include:

(1) Consumer electronics: phone/tablet prices decompose into
base hardware, storage tier, camera/display modules, and
software/services premia (Figure 2 ?).

(2) Apparel: garments combine base fabric, workmanship, certi-
fication (e.g., organic), brand price, and seasonal exclusivity.

(3) Hotels: a nightly rate splits into base room, location/view,
board plan, amenities, and flexibility options.

(4) Airlines: fares add base transport to taxes/fees, baggage,
seat selection, lounge/service upgrades.
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Figure 2: Illustration of AFD representation where inter-
pretable attributes combine additively to form transparent,
feature-level price components.

Formal model. Let u(i)" € R? be the i row of the feature matrix
U € RV*4 denoting the features of the i*? product. Let the attribute
prices be denoted by # € R?. Under AFD, the price p(i) of a product
iis given by,
d

u()70 = Z u(i, j)0()),

Jj=1

p() = (u(i),0)

LAll figures in Figure 1 have been taken from https://unsplash.com/.
2All figures in Figure 2 have been taken from https://unsplash.com/.
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so each u(i, j)6(j) is an explicit, controllable price addend. Here,
each product price is directly expressed in terms of its attribute
prices. This linear and interpretable structure underpins our algo-
rithmic design: we learn (or adjust) 6 online under box constraints,
enabling scalable, real-time pricing.

3 RELATED WORK

Most closely related work is that of [19]. We have briefly mentioned
the novelty of our work over their work in the introduction. A
detailed comparison will be made in Sections 4 and 5 where we
propose our model and algorithm respectively. We now compare our
work with other related work in the literature. Our work sits at the
intersection of (i) dynamic pricing with contextual bandits, (ii) low-
rank representations for generalization, and (iii) additive/attribute-
based pricing.

Dynamic pricing with contextual bandits. Contextual bandits
model feature-dependent demand and have been applied to person-
alized and non-stationary pricing [3, 17, 20]. While these methods
provide strong guarantees, they often struggle with scalability in
high-dimensional feature spaces. We build on this line of work by
introducing a structured, low-dimensional attribute representation
that preserves sample efficiency.

Low-rank and structured feature models. Low-rank structures im-
prove generalization in contextual bandits and recommendations
[9, 23, 26, 28]. Unlike prior formulations that focus purely on com-
pression, our model leverages a pricing-specific inductive bias: la-
tent drivers correspond to interpretable product attributes.
Additive and attribute-based pricing. Additive decomposition en-
ables transparency and control in practical pricing systems [1, 8, 12,
25]. Enterprise CPQ tools (e.g., Salesforce Communications Cloud)
operationalize this through Attribute-Based Pricing (ABP) rules
[22, 27]. Our approach extends ABP into an online learning frame-
work, treating attribute adjustments as decision variables and learn-
ing from bandit feedback via projection-free updates.

4 AFDLD: ANOVEL INTERPRETABLE
LOW-DIMENSIONAL DEMAND MODEL

In this section, we formulate the dynamic pricing problem as a re-
gret minimization problem. We then introduce our low-dimensional
demand model which is based on the additive features discussed in
the previous section. We then show that under this demand model,
the regret minimization problem reduces to a convex optimization
problem. We then discuss how our novel model captures the substi-
tution effects absent in the low-rank model [19]. We also illustrate
the importance of capturing substitution effects via toy examples.
Regret Formulation. We study high-dimensional dynamic pric-
ing where a seller offers N products over T time periods. At each
round t, the seller chooses a price vector p, € RV, observes de-
mand ¢, € RN, and earns revenue R;(p;) = —{(qy, p;). The goal is
to maximize cumulative revenue while keeping the regret small:

|

T
Regret(T) =E Z (Re(p™) = Re(pr)) @

t=1
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where
T
* . -R ,
p* =arg ;rg;l; :(p)

is the best fixed price vector in hindsight and % is the set of allow-
able prices. Maximizing total revenue is equivalently minimizing
total of negative revenue.

We now introduce our novel Additive Feature Decomposition-
based Low Dimensional (AFDLD) demand model . As moti-
vated in Section 2, let U € RV*4 denote the product feature matrix
defined in terms of the observable attributes, and 6; € [Oin, Omax]?
the attribute-level prices. Product-level prices are then given by

pr =Ub;

hence additive decomposition ensures that each attribute contributes
a distinct increment to the final price, providing transparency and
interpretability.

Demand for product i at time ¢ is modeled as

q: (i) = u(i) "z, — az; (i), u(i))v, pe (i)

N
+ Z aij (@), u()v, (pe(G) = pe (D)) + & (D). (22)
j=1

where z, € R? captures baseline demand in attribute space, a;;
encodes own-price sensitivity, and «;; models substitution strength
between product i and j. The (p;(j) — p:(i)) term captures realistic
substitution effects: if a close substitute j becomes more expensive,
then demand for i rises and vice-versa. V; € R¥ is a positive
definite matrix which captures the relative importance of attributes.

Revenue as a Quadratic Form. Since the product price is re-
lated to the base price via p, = U6, collecting terms yields a qua-
dratic revenue function in 6,:

R (8;) = —0]UTMUO, + 6[U"z, (3)
where M; = M; + M, + M; is the attribute-elasticity operator with
M; = 2Diag(UV,U"),
M, Uv,UT,

D), u<j>>v,) :
J

ProPOSITION 1 (CONVEX OPTIMIZATION). The objective —R;(6;)
is convex in 0;.

(4)
M; = Diag

Remarks:

e For fixed z; = z,Vt > 0 and V; = V, Vt > 0 the market is static
and R;(0) = R(0),VYt > 0. Since -R(0) is convex, in the case of
static market, we can compute the optimal attribute-level price by
minimizing as 0* = arg ming R(0).

o In the case when the market is dynamic, minimizing the regret
in (1) amounts to an online convex optimization problem, which is
achieved by our ADEPT algorithm (Section 5). (See Supplement**
for an extended discussion.)

3Link for supplement: https://arxiv.org/abs/2602.00188
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Comparison with prior model. In the low-rank demand model
of [19] the demand for product i is given by:

N
qe (D) = uy™ ()2, - Z(u"rth(i),u"rth(j))vt pe(j) + &) (5)
j=1

We now list the differences between our model in (2a) and that of
[19] in (5), the key one being that (5) does not capture substitution
effects.

o Features: In our model U is based on observable product features,
whereas in (5), U°? is an orthogonal latent feature matrix.

o Baseline Demand: In both models z; € R? denotes the baseline
demand. The difference is that in our model, z; captures the baseline
demand for the observable product attributes, whereas in (5), it
stands for the baseline demand for the latent features.

o Elasticity: As discussed in the text below (2a), our model captures
the substitution effects. As can be seen from (5), when two different
products i, j are similar, it is quite natural to expect that if j is priced
higher than i, customers will prefer i more than j which will lead
to an increase in demand for i. However, in (5), an increase in price
of a similar product j decreases the demand for product i which
contradicts standard economic intuition.

e Low Dimension vs. Low Rank: The final revenue expression
in our setting is low-dimensional (see (2a)) and is not low-rank. In
(5), the model is low-rank, however, the price p; € RY is not.
 Pricing: In this paper, we assume that the pricing is low-dimensional
in that p; = U6,. In (5), the pricing p; is still in N dimensions which
is addressed via a projection step in their algorithm (we discuss this
in the next section).

4.1 Interpretability of AFDLD Model

In markets with similar products, substitution effects strongly in-
fluence both demand and pricing. Our notion of interpretability
is therefore tied to these effects—understanding how prices and
demand vary with attribute-level similarity among products. The
AFDLD model captures this relationship explicitly. We now illus-
trate how it produces interpretable and transparent pricing behavior
through simple synthetic examples that reveal its attribute-level
reasoning.

Setting 1: Equal attribute importance in V. To illustrate interpretabil-
ity under the AFDLD formulation, we consider a realistic elec-
tronics example involving three smartphone variants (N=3) and
three observable attributes (d=3): storage tier (A;), camera module
(A,), and display type (As3). The product-attribute matrix U € R3*3
and baseline demand z € R? are explicitly specified, while the fea-
ture-interaction matrix V=I isolates the role of self-effects. The
elasticity coefficients are fixed at a;; = a;; = 0.15.

Experiment 1: Non-overlapping attributes (Table 1). In this
experiment, we consider a degenerate setting in which each product
has only one attribute. One can think of product P; being storage
of 128 GB (A; alone), product P, being a dual camera (A; alone)
and product P; being an OLED display (A3 alone). In this case, for
i = 1,2,3 the features U (i) of product P(i) are given by:

U1 =[100],

U@)=[010], U(3)=[001].
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When baseline demand is identical, the learned 0* values are
identical across attributes, leading to equal product prices (p=U§").
When baseline demand is non-identical, the estimated 6* yields
distinct prices in direct proportion to the attribute-specific demand.
The model reveals that the camera feature contributes most to
willingness-to-pay, followed by storage and display — as reflected
in the magnitude of 6*. Such one-to-one mapping between attribute
value and price component enables clear managerial explanation:
product 2 is costlier precisely because consumers value its camera
feature more highly.

Table 1: AFDLD model with V =I and non-overlapping fea-
tures.

Baseline 0 Final prices
demand z values p=U06"
[60, 60, 60] [13.72, 13.70, 13.72]  [13.72, 13.70, 13.72]

[100,150,250] [22.96, 33.60, 56.96]  [22.96, 33.60, 56.96]

Experiment 2: Overlapping attributes (Table 2). We now al-
low shared features across products,

U()=[110], U@ =[011], U®B)=[101].

corresponding to P1 (Storage + Camera), P2 (Camera + Display),
and P3 (Storage + Display). For identical baseline demand, we ob-
tain nearly uniform 0* values and thus similar final prices. Under
heterogeneous demand, the optimal 6* and resulting p exhibit in-
terpretable differentiation: the combination of high-value attributes
(e.g., camera plus display) produces higher composite prices. Every
price difference can be decomposed and explained through the ad-
ditive structure p; = (U(i, -), 8*), exposing how much each feature
contributes to each product’s final price.

Table 2: AFDLD model with V =] and overlapping features.

Baseline 0 Final prices
demand z values p=U0¢"
[60, 60, 60] [6.77, 6.84, 6.79]  [13.61, 13.63, 13.56]

[100,150,250] [14.69, 17.78,24.30] [32.47, 42.08, 38.98]

Setting 2: Heterogeneous attribute importance in V. We now ex-
tend the smartphone example to study the effect of unequal at-
tribute importance, captured by a diagonal interaction matrix V =
diag([1.5, 1.2, 1.0]). The attributes—storage tier (A;), camera mod-
ule (A;), and display type (A3;)—now differ in relative market in-
fluence: camera upgrades are perceived as most critical, followed
by storage and display. The elasticity coefficients are fixed at a;; =
ajj = 0.15, and the U structures remain the same as in Setting 1 to
isolate the role of V.
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Experiment 1: Non-overlapping attributes (Table 3). Here,
we use the U matrix as in the previous setting with non-overlapping
attributes. We observe that when the baseline demand is identical,
the estimated 8" produces proportional prices p. Here, even though
demand is uniform, prices differ because the attributes vary in
intrinsic importance encoded in V. This yields an interpretable
ranking: OLED display (As) has the highest contribution, followed
by camera and storage. When the baseline demand is non-identical,
the interaction of demand and attribute significance amplifies price
separation. Retailers can directly interpret these coefficients as
attribute-level prices: a higher baseline demand for the "display-
intensive" product magnifies the already high display value.

Table 3: AFDLD model with V = diag([1.5, 1.2, 1.0]) with non-
overlapping features.

Baseline 0" Final prices
demand z values p=U06"
[60, 60, 60] [8.94, 11.40, 13.50] [8.94, 11.40, 13.50]

[100,150,250]  [15.20, 27.92, 56.78]  [15.19, 27.93, 56.78]

Experiment 2: Overlapping attributes (Table 4). To capture
more realistic smartphones sharing multiple features, we use U
matrix with overlapping attributes as in the previous setting cor-
responding to P1 (Storage + Camera), P2 (Camera + Display), and
P3 (Storage + Display). When baseline demand is identical, we
obtain 6 and prices p. Even under identical demand, attribute het-
erogeneity causes asymmetric prices, highlighting how AFDLD
decomposes product value into interpretable feature-wise premi-
ums. Under non-identical demand, the estimated 6* and p show
that products combining more valued attributes (camera + display)
consistently achieve higher prices.

Table 4: AFDLD model with V = diag([1.5, 1.2, 1.0]) with over-
lapping features.

Baseline 0 Final prices
demand z values p=U06"
[60, 60, 60] [4.78,5.71, 6.11] [16.98, 32.81, 15.85]

[100,150,250]  [9.79, 15.40, 21.40] [25.19, 36.80, 31.19]

Interpretability: Across both settings, the AFDLD model pro-
vides a clear, human-readable decomposition of prices into at-
tribute-level components. The learned vector 0* quantifies the
monetary contribution of each observable feature (e.g., storage,
camera, display), while the feature matrix U specifies how these
features combine to form each product.

When V = I (Setting 1), all attributes contribute equally and price
differences arise solely from variations in baseline demand z, di-
rectly revealing which features are most valued by consumers.
When V is heterogeneous (Setting 2), diagonal weights encode the

3000

AAMAS 2026, May 25-29, 2026, Paphos, Cyprus

relative market importance of each attribute, allowing ADEPT to
separate the effects of baseline demand from intrinsic feature sig-
nificance. Thus, the decomposition p; = (U(i, -), 0*) offers an inter-
pretable pricing logic — every price differential can be traced back
to specific attributes and their learned valuations—unlike low-rank
latent models where such attribution is opaque.

5 ADEPT: ANOVEL DYNAMIC PRICING
ALGORITHM

In this section, we present the ADEPT algorithm, which performs
dynamic pricing directly in the attribute space. We describe how
ADEPT initializes attribute-level parameters, perturbs them through
one-point bandit feedback, and updates prices via simple clip-
ping within feasible bounds. We highlight key differences between
ADEPT and OPOK in initialization, gradient estimation, projec-
tion, and interpretability. Finally, we establish the theoretical regret
bound for ADEPT, showing that it achieves a sublinear expected
regret of O(Vd T3/*) under standard smoothness and noise assump-
tions, thereby confirming both efficiency and scalability.

Algorithm 1 ADEPT

Require: Feature matrix U € RN*4 paseline Opase, bOX
[6mins Omax], step size n > 0, perturbation € > 0, horizon T

1: Initialize: 6; < 0; set lower and upper limits £ <= Omin — Opase,
u— emax - ebase
2. fort =1to T do
Sample a random direction &; ~ Unif (-1
Perturb parameters: ét — 0; + €&
Construct prices: p; < U(Opase + é,)
Observe revenue y; = R;(p;)
Compute one-point gradient estimate:
dy; 9

g = ———
€

8:  Update and clip within box:
Ors1  clippg, (0 = ng:)

9: end for
10: Output: Final prices p = U(6pase + 07+1)

Algorithm 2 OPOK (Online Pricing Optimization with Known
Features)

Require: Step sizes 1,8, @ > 0, feature matrix U € RN Xd, initial price
Po € S
Ensure: Prices py,. .., pr to maximize revenue
1: Set prices py € S, observe qo(po), Ro(po)
2: Define x; « U p
3: fort=1,...,T do
4 Draw & ~ Unif{x e R? : ||x||, = 1}
5 X; — x; + 6&;
6 Set prices: p; «— FINDPRICE(X;, U, S, ps—1), observe q; (p:), R¢ (pr)

7:  Xp41 < PROJECTION(X; — nR; (pe)&r, 0, U, S)
8: end for
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5.1 OPOK Vs. ADEPT

e Initialization: OPOK initializes with a feasible price vector

po € S and maps it into latent space x; = U" py. ADEPT

initializes directly in attribute space (6, = 0) with box con-

straints [Omin, Omax ] around a baseline Opse.

Perturbation direction: OPOK samples & € R and per-

turbs the latent representation x;. ADEPT samples & € R?

and perturbs the attribute-level parameters 0;.

e Price construction: OPOK uses FINDPRICE (%, U, S, pr—1)
to map the perturbed latent vector x; to a feasible price
vector p;, ensuring stability relative to past prices. ADEPT

directly constructs candidate prices as p; = U(Opase + é,),
bypassing a separate feasibility solver.
e Revenue observation: Both algorithms post prices and
observe demand/revenue.
e Gradient estimation: OPOK updates x;,; via estimator:
Xt+1 = PROJECTION(x; — nR; (p)ér, o, U, S). ADEPT updates
via estimator: g; = —% &.
Projection/Constraints: OPOK projects the latent point
back into the feasible span using ProjecTION(:). ADEPT
clips attribute prices into [Omin, Omax], enforcing economi-
cally meaningful nonnegativity and boundedness.
Output: OPOK’s iterates p; are feasible prices at each step.
ADEPT outputs the final feasible price vector p = U(Opase +

éT+1)-

Summary. OPOK and ADEPT differ in optimization domain and
objective formulation — latent vs. attribute space—rendering their
regret bounds and learned parameters not directly comparable.

THEOREM 1. [Regret of ADEPT] Let U € RN*4 with ||U||op <Bu,
and let the attribute box be C C R? with radius re := maxgec |0]]2.
Assume forall t: Ay, = UTV,U & 0 with ||V |lop < By, l|z:l2< B, and
bandit noise that is o®—sub-Gaussian. With p<T~"/2 and §=<T~/4,

i

where 0* € argmaxgcc Y.1_, R;(6) and

K := co(BuB.re + BiByrg + o),

thl (Re(6%) — Rt(ét))] < KNdTA,

for a universal constant ¢y > 0 (log factors absorbed into cy).
See Supplement™* for the complete proof.

6 EXPERIMENTS AND INSIGHTS

6.1 Empirical Validation of Additive Feature
Decomposition in Real-World Datasets

We validate the additive feature decomposition (AFD) assumption,
which is central to ADEPT’s formulation, using two large-scale,
real-world retail datasets namely Dunnhumby Complete Journey
and H&M Personalized Fashion Recommendation. Both datasets
are of the form (x;,y;),, where x; € R? is the attribute based
product feature (as discussed in Section 2) and y; is the price. We
hasten to mention that our goal in this section is to verify that the
attributes based features are indeed useful as features, and not to
validate our demand model. In order to achieve our goal, we show

4Link for supplement: https://arxiv.org/abs/2602.00188
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that the attribute based features have good power in predicting the
prices via linear regression fit.
Dunnhumby Complete Journey (Figure 3): In this dataset,

the d attributes are:

e COMMODITY_DESC (94 values),

e SUB_COMMODITY_DESC (736 values),

e MANUFACTURER (1527 values).
Therefore, x; is a 2,357-dimensional vector. It consisted of 39,021
distinct products. The linear regression fit achieves a strong R? (0.6-
0.8) and the learned coefficients exhibit intuitive semantic struc-
ture — e.g., premium brands and specialized commodity categories
contribute positively to price, while generic or high-volume sub-
categories contribute negatively. Importantly, this decomposition
generalizes well to unseen data, indicating that unit prices in gro-
cery retail indeed follow an additive structure over product meta-
data. This is further supported by interpretable SHAP analyses
and bar plots of regression coefficients, which confirm the additive
contribution of each feature group to the final price.

Top Feature Contributions to Price for First 10 Samples

Ll
III1I

o 1 2 3 3 H 6 7 8 5

Sample Index

ILIL
LN L |I

. cat_MANUFACTURER 0
cat_SUB_COMMODITY_DESC_SFT DRNK 2 LITER BTL CARB INCL

= cat_SUB_COMMODITY_DESC_SOFT DRINKS 12/18&15PK CAN CAR

. cat_COMMODITY_DESC_FLUID MILK PRODUCTS

W cat_SUB_COMMODITY_DESC_MAINSTREAM WHITE BREAD

SHAP Contribution (Feature Price)

Figure 3: Additive feature contributions to unit prices in the
Dunnhumby grocery dataset, obtained via linear regression
coefficients.

H&M Personalized Fashion Recommendation (Figure 4):
In this dataset, the d attributes are product_type_name, garmen
t_group_name, index_name, and section which take values in
one among 131 distinct types, 21 groups, 10 unique indices and
52 sections respectively. Therefore x; is 214-dimensional vector.
It consisted of 104547 distinct products. The linear regression fit
reveals statistically significant coefficients across many features.

Model Coefficients - attributes regressed against price - Studio Collection category

Coefficient Value

Figure 4: Additive feature contributions to prices in the H&M
fashion dataset, highlighting interpretable price drivers such
as garment type and season.


https://www.kaggle.com/datasets/frtgnn/dunnhumby-the-complete-journey
https://www.kaggle.com/competitions/h-and-m-personalized-fashion-recommendations/data
https://arxiv.org/abs/2602.00188
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ADEPT vs. GDG vs. Explore-Exploit - four different demand settings
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Figure 5: Cumulative regret (mean =+ s.d.) over T=50,000 rounds. Top-left: S1 Stationary; top-right: S2 Shocks (vertical dashed
lines mark change points); bottom-left: $3 Drifting; bottom-right: S4 Misspecified. All methods share the same price ball and

comparator.

6.2 Comparing ADEPT with Baselines

Having verified additive structure in real data, we next benchmark
ADEPT against existing bandit algorithms. In this section, we eval-
uate algorithms under the AFDLD model introduced in Section 4.
We run the two-point gradient estimator of ADEPT as specified
in Algorithm 1. We compare ADEPT with two benchmark algo-
rithms namely, GDG [11] and Explore-Exploit [13]. Specifically, we
compare these algorithms under different market regimes.

Common Across Settings. All algorithms are tested under the
following shared configuration:

e Product-Feature matrix U € RV*? with N = 60 products
and d = 6 attributes, respecting additive decomposition. We
divide the products into B = 6 disjoint blocks {Gb}zzl, each
containing |Gp| = 10 products. Each block Gy, is assigned a
small set of active attributes S, € {1,..., 6}, ensuring that
neighboring blocks share one or more attributes to intro-
duce controlled overlap (S; = {1,2,3},S; ={2,3,4},...,S¢ =
{6,1,2}). For every product i € G, and attribute j € Sp,
we sample U (i, j) ~ Bernoulli(pp) with p, = 0.5, and set
U(i,j) = 0 for j ¢ Sp. We then cap the number of active
attributes per product to a small range (one or two active
attributes per row). If a row has no active attributes, we
activate one at random within Sp; if it exceeds the cap, we
randomly retain only two active attributes.

e Time horizon T = 50,000 rounds.

e Gaussian observation noise with variance o2 = 0.5.

o Evaluation metric: cumulative regret relative to the best fixed
price in Bp(R). We fix Bp(R) = { p € RN : ||p—poll2 < 5} for
both GDG and Explore-Exploit (EE) algorithms. The baseline

price vector py and the attribute-level base parameter 6,
are related through py = Uf,. We set Opin = 6p — r and
Omax = 0o + r, ensuring that the attribute parameters explore
the same range as the price space defined by Bp(R) (r = 5).
For ADEPT, cumulative regret is measured relative to the
best attribute-level prices (6*).

Algorithm-Specific Parameters.

e GDG (Gradient Descent with Bandit Feedback) : Oper-
ates in the orthonormal span O obtained from QR decompo-
sition U = OP, with one-point random-direction smoothing
and projection in O-space. See Supplement for pseudocode.

o Explore-Exploit : Alternates between uniform exploration
in Bp(R), ridge regression fit of a quadratic surrogate, and
trust-region exploitation. See Supplement for pseudocode.

e ADEPT: Updates attribute prices directly in feature space
via the gradient estimator with feasibility enforced by box
constraints on ét.

Demand Regimes. We consider four demand regimes. Each regime

differs in the temporal evolution of the baseline demand z; and the
cross-elasticity operator V; in the demand model specified in Equa-
tion (2a), while all other parameters remain fixed.
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(1) Stationary demand (S1): Both baseline demand and cross-

elasticities remain fixed, i.e. z; = z, V; = V for all t. This
corresponds to a stable market with no temporal variation in
consumer preferences or substitution effects. In $1, ADEPT
maintains nearly flat regret, GDG grows slowly due to vari-
ance in one-point updates, and Explore-Exploit accumulates
error from surrogate bias.
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(2) Structural shocks (S2): Att = T/3 and t = 2T /3, the base-
line and elasticity parameters (z;, V;) are generated again
with the same assumptions independently in each new phase.
This simulates sudden market shocks such as competitor en-
try or seasonal change. In §2, ADEPT adapts rapidly after
each shock, while GDG shows pronounced regret spikes and
Explore-Exploit requires many rounds to re-learn post-shock
surrogates.

Drifting demand (S3): Parameters evolve gradually accord-
ing to stochastic drift:

®)

Zr41 = 2Z¢ + Wy, Vier =y (V; + W),

where w; ~ N(0,I) and W; ~ N(0,0.11), and II projects
into the positive-definite cone. This captures smooth prefer-
ence shifts over time.

Misspecified demand (S4): Instead of low-rank V;, the true
demand operator is taken to be full-rank with heterogeneous
eigenvalues. This explicitly violates the low-rank assumption
and tests robustness of the algorithms under model misspeci-
fication. In S4, ADEPT remains competitive despite misspec-
ification, while GDG and Explore-Exploit incur higher regret
due to structural mismatch with the full-rank M,.

©

In all experiments, ADEPT’s attribute-space updates with a struc-
tured U deliver lower cumulative regret and stronger adaptability.
Finally, to verify consistency between empirical and theoretical
performance, we estimate ADEPT’s regret-growth rate through
tail-slope analysis in the next subsection.

6.3 Empirical rate verification via tail-slope
fitting
We verify that ADEPT attains the rate in Theorem 1. If R(¢) < t%,
then log R(t) = a+ alogt is linear in log t with slope a. To estimate
a, we fit a tail secant over the last p = 0.5 of the horizon (T = 50,000):
log R(T) — log R(t)
, to=1(1-p)T].
TogT —Togty 0=1(1-p)T]

Qtail =

Results (Fig. 6). The fitted slope, @i = 0.742, closely matches the
theoretical #*/* rate. Early curvature arises from pre—asymptotic
effects. For (N=60, d=6, T=5¢*), the tail is nearly linear, confirming
that for ADEPT empirically achieves O(T*/*) regret. 3

Ay/Ax tail slope for ADEPT — N=60, d=6, T=50000, tail=50%

ADEPT cumulative regret ADEPT: log-log plot + Ay/Ax slope

—— log Regret
12 tail secant (slope=0.742)
—— secant line

tail region

400000

300000

200000

log Regret
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Cumulative regret

°
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Rounds (t)
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log t

Figure 6: Tail-slope analysis for ADEPT. Left: cumulative
regret R(t). Right: log—log plot of R(t) with the tail window
(gray) and secant fit; estimated slope @,j = 0.742 ~ 3/4.

5The per-epoch runtime comparison of ADEPT with OPOK, GDG and EE is given in
supplement. Link for supplement: https://arxiv.org/abs/2602.00188.
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7 CONCLUSION

In this paper, we considered dynamic pricing in markets with sim-
ilar products in which the product attributes affect the demand
and pricing. For this setting, we proposed the Additive Feature
Decomposition-based Low-Dimensional Demand (AFDLD)
model, which expresses prices as additive functions of observable
attributes while capturing substitution effects among related prod-
ucts. Building on this, ADEPT — a projection-and gradient-free
online learner — optimizes directly in attribute space and achieves
a sublinear regret of O(VdT34). Experiments across stationary,
shocked, drifting, and misspecified regimes show that ADEPT at-
tains low regret, rapid adaptation, and interpretable attribute-level
price explanations. These results establish that interpretability and
efficiency can coexist in dynamic pricing.

Future work will extend AFDLD to nonlinear and personalized
settings, evolving attribute spaces, and multi-agent markets, ad-
vancing toward autonomous and explainable pricing systems.
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