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Introduction

Quick commerce (q-commerce) is one of the fastest growing sectors in India.
It provides informal employment to approximately 4,50,000 workers, and it
is estimated to become a USD 200 Billion industry [6] by 2026. A signifi-
cant portion of this industry deals with perishable goods. (e.g. milk, dosa
batter etc.) These are food items which are consumed relatively fresh by the
consumers and therefore their order volume is high and repetitive even when
the average basket size is relatively small [3]. The fundamental challenge for
the retailer is that, increasing selling price would hamper sales and would
lead to unsold inventory. On the other hand setting a price less, would lead
to forgoing of potential revenue. This paper attempts to propose a math-
ematical model which formalizes this dilemma. The problem statement is
not only important for improving the unit economics of the perennially loss
making quick commerce firms, but also would lead to a trickle-down effect
in improving the conditions of the gig workers as observed in [4]. The sec-
tions below describe the mathematical formulation. The results from the
simulation would be published in a follow-up study.



Problem Statement

The problem of dynamic pricing has been studied well in the last few decades.
We borrow copiously from the pioneering works of [5] , [2] and [1] which
attempt to tackle the problems using either using rigorous formulation, sim-
ulation or simply using a supervised learning based model.

Mathematical Notation

We begin the description of the problem by describing the mathematical
notation used in the following sections.

For simplicity’s sake, let’s consider a set of N perishable SKUs sold over a
discrete time horizon ¢t = 1,..., K on a quick commerce platform. Each SKU
i€ {1,..., N} has inventory I;,, selling price p; ¢, unit cost ¢;, and platform
commission 7. Unsold units incur a terminal salvage penalty s;.

The formulation assumes that the simulation starts at ¢ = 0. It will go
upto a maximum of ¢ = T'. The time is not discrete but a ratio variable.

t(time) € [0, T (1)

The price function (which has to be estimated) output an optimal value
of product price which is always greater than zero:

p(t) >0 (2)
instantaneous demand rate (units per unit time) when price is p at time ¢ is
given by:

D(t,p) (3)
The inventory held for the SKU s at time ¢. The model assumes replen-
ishment at ¢ =0

I(t); 1(0) = Io (4)

h is the per-unit terminal cost of unsold item at T (disposal or salvage
cost; can be negative if salvage yields revenue).

Further, ¢: is the marginal cost of the item; if present profit uses p(t) — ¢
rather than p(t). This will be non-zero for items which require costs in
addition to delivery costs.

DI(t) is the function which captures the baseline time-varying demand
intensity (freshness decay, time-of-day). It is a function of product features,
marketing spend etc.



Assumptions

e The customers orders are received regularly which can be estimated

using a Poisson distribution. The probability of receiving an order is
given by P(X)

P(X = k)= )

Where:

— P(X = k): Probability of the platform receiving k orders at a
given point in time.

— A: The rate parameter (average number of order received per unit
of time). A > 0.

— e: Euler’s number (e ~ 2.71828).
— k: The number of occurrences (k € {0,1,2,...}).
— k!: The factorial of k.

In subsequent studies, our attempt would be to guess the distribution
P(X). For, completeness sake Figure 2 and Figure 1 gives a rough
distribution of order received across different times in a day and week
respectively. As it can be observed from the illustrations, the demand
per unit of time (let’s say minutes) is stable in the short term. This
allows us to estimate A for a given time of the day. Also, unlike previous
attempts of modeling this parameter as a distribution, this approach
is much more data-driven.
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Figure 1: Aggregated orders received across a week (window of 60 minutes)



Time (when order is received)
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Figure 2: Aggregated orders received across a day (window of 5 minutes)

e Each order the customer has an option of ordering any combination
of the available SKUs depending on the attributes of the SKU/item
(which ezcludes the price for our current formulation); that choice can
be a single SKU, multiple SKUs (bundles / complements), or none.

e As mentioned before customer orders are stochastic counting processes
constrained by inventory. Platform posts a time-varying price vector
p(t); platform takes commission fraction ¢ (which can constant or SKU-
specific).

e Inventory of each SKU perishes at horizon T" (or earlier)—unsold units
incur salvage/disposal cost.

e The aim of the analysis is to choose price path p(t) to maximize ex-
pected profit as order are received / fulfilled and inventory decreases.

Customer Orders

As was discussed in previous sections, customers arrive according to a Poisson
process with rate A. Each arrival chooses a basket b C A;, where A, = {i |
I+ > 0} denotes available SKUs. The utility of basket b is given by:

Up(p:) = Z(Oéi — Bipit) +ymax(0, |b] — 1), (6)

where v captures complementarity (v > 0) or substitutability (v < 0) among
items. The probability of a customer choosing basket b follows a multinomial



logit structure:
exp(Us(pr)) - Lipcan

P | pi, Ar) = : (7)
Zb’gAt exp(Uy (pt))
Demand and Inventory Dynamics
The expected demand for SKU ¢ in epoch ¢ is:
Di(p:) = )\Atzp(b | pe, Ae). (8)
b>i
Inventory evolves as:
Livy1 = max(0, Iy — Di(pe) + &ir), (9)
where &;; captures stochastic variation in realized demand.
Expected Profit
Expected profit for epoch ¢ is:
N
W(pi, 1) = > Dilpe) [(1 = n)pie — i), (10)
i=1
with terminal salvage loss:
N
HT(IT) = — Z Si[i,T~ (11)
i=1
The optimization objective is to maximize the expected total profit:
K
max [E Zﬂt(pt,ft) + Ir(I7) |- (12)

,t=1..K
Dt —1

Guardrails on inventory

To reduce the risk of stockouts, we define a safety-adjusted target demand:

= lig

Di,t == pK——t—{—]_, where 0 < P < 1. (13)
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Prices are chosen such that the expected demand approximates the target:
Di(pt) ~ Di,ta (14)

using stochastic approximation or root-finding. To avoid excessive volatility,
prices satisfy an inertia constraint:

|pi,t - pi,t—1| S Amax- (15)

Inventory pricing

We approximate the value of remaining inventory using a linear value func-
tion:

V;ﬁ(]t) ~ w;[ta (16>

where w; is updated by fitted value iteration:
wy = arg muian[(Tt + Vig1(les1) — wT[t>2]' (17)

The resulting policy chooses prices to maximize current and expected future
value:

p; = arg rr;ax [Ht(pt, I) + E[Vtﬂ(ftﬂ) | Pt [t]]- (18)

Computation of demand

Derivation of Expected Demand

Let B denote the power set of available SKUs. For each basket b € B, define
the choice probability:

(W)
PO = e U )

Then the expected demand for item 7 is:

di(p) = 3 P(D) (20)

b>i

(19)

For Poisson arrivals with rate A, the expected number of units sold in
period At is:
Di(pt) = A At d;(py) (21)
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Modeling of purchases

Realized sales D;; are modeled as random variables:

Diy = Di(pe) + €, (22)
where ¢;; is mean-zero noise.

Inventory updates recursively as:

Ii7t—|—1 = max(O, Ii,t - th) (23)

Estimating

To hedge against uncertainty, we define a sales target proportional to re-

maining stock:
= >y

Diy = po—t—,
TR
Prices are determined numerically by solving:

p <1 (24)
Di(pt) - Di,t =0 (25)

This can be solved either using approximations or gradient-based ap-
proaches.

Preventing sudden changes to price
To ensure temporal consistency in prices, we enforce:
Pit — Dig—1| < Amax (26)
This prevents abrupt price shifts that can confuse customers or violate

pricing policies.

Value Function Approximation and ADP

We approximate the continuation value Vi(l;) by a linear function in the
inventory:

Vi(ly) = w, I, (27)



Given sampled trajectories (Iy, py, ¢, [141), we estimate w; by least-squares
regression:

w; = arg mlgnE [(7} + Vi1 (1) — wT[t)Z] (28)

The corresponding greedy policy:
p; = arg H;ID?X [Ht(pt, L) + E[%+1(It+1) | pe, ]tH . (29)

This policy effectively balances immediate expected profit with the future
shadow value of remaining inventory.

Final Algorithm
1. Initialize Ig, Po, and VT(IT) = — Zz Si]i,T‘
2. For each epoch t =1,... K:

a) Compute safe target demand Di,t.

(a)
(b) Solve D;(p;) ~ Di,t using root-finding.
(c) Enforce price inertia constraint.

(d) Update inventory I; ;41 via stochastic dynamics.

3. Update w; using fitted value iteration.
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