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Inventory Management

Inventory state Deep Neural Network
Inventory Policy

Goal: order inventory to
match upcoming demand
(no more, no less)

Context vector

Ordering
decision

$24.5 9.5%

High-dimensional features
about upcoming demand,
190-dimensional for Alibaba

$2,176

| ;
| )

19.1%
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Model

e t=1,...,T: finite time horizon
% inventory at start of time ¢
Y _ _ } state st = (I, x!)
« x': exogenous features of time t (from offline data)
« at =n(I x"): action/order quantity at time t by policy ©
« d': demand at time ¢

o [t =max{I' + at — dt, 0}: inventory for start of time t + 1 (lost-sales)
Decide m to minimize weighted loss of
« Stockout Rate: £5z = %Zzzll{dt >I"+at} -

) . Y, max{It+at-dt,0}
Turnover Time: £ = ST min{d?, [*+at) _
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Alibaba’s setting

« Tmall: largest e-commerce platform in China

XiBTHAWCOR

O - )

e Sells 100,000+ SKU’s B2C across ~ 20 warehouses
 Inventory for each of the 1,000,000+ SKU-warehouse pairs

Historical

trajectories

for SKU-

warehouse’s

SKU # Date

0 1-Jan
0 2-Jan
0 3-Jan
0 4-Jan

hort long historical
erm fcst term fcst avg

Lead Time Review
Period (days)

1 1-Jan
2-Jan

2 1-Jan |.

9 12.18 4.14 1 1
6.79 7.3 8.29 6 4
10.98 12.84 271 1 1
12.89 13.58 2 5 2
2.78 4.06 2.29 0 15 0..

featl feat2 feat3 ...

0..
10 ...
1ip
L oo

 Manage inventories separately; no multi-echelon network
» Take weighted average across all pairs

Offline historical data
assumes:

Contextual Information

 uncensored demands
(after extrapolation)

« deterministic lead times
and review periods
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Deep Reinforcement Learning (DRL)

Lead Time Review short long historical
SKU # Dat d featl feat2 feat3
B (days) Period (days) EMand orm fest term fost avg Sl LSS = RL TRAINER] ‘
0 1-Jan 10 4 19 9 12.18 4.14 1 1 0
0 2-Jan 10 4 7/ 6.79 7.3 8.29 6 4 10
0 3-Jan 10 4 20 10.98 12.84 2.71 1 1 1
0 4-Jan 10 4 13 12.89 13.58 2 5 2 1
1 1-Jan 7 3 5 2.78 4.06 2.29 0 15 0
Deep Neural Network
2 1)

Inventory Policy

Offline historical data

Training Woes [Gijsbrechts Boute VanMieghem Zhang ‘25]
* Training takes a long time

* Need to try many hyperparameter configurations before training works
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Inventory-specific

Decision Loss of

| Best Policy founc Policy Regularizations
s Deep Neural Network (I‘;N;tr;e":
".’ ‘u , =
., Off-the-shelf DRL u(It, xt) Order quantity
1 Incumbent policy - “Base”:

u(It, xt) = Target
inventory level

\ with Policy Regularization

. o “Coeff”:
Time spent Hyperparameter Tuning .U(It; xt) =
o _ Coefficients of linear
~ 10 days, realistic for Alibaba relation w.r.t.

(each training run takes > 1 day) selected features
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“Base Stock” =
Target
Inventory level

“Base” Regularization

“None”: “Base” Reqularization:
Order quantity (I, x%) Order quantity (I, x%)

Simple Example: = u(l",x") = max{ u(I*,x") =1, 0}

Desired Desired
u(l1t) u(1)
11 0 11 10"

« Demand each period is
always 10 (no contexts)

10 0 10 10 >10is called the
9 1 9 10 [ "Base Stock”
8 2 8 10
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“Coeff” Regularization

Lead Time Review short
(days)

SKU # Date

0 1-Jan
0 2-Jan
0 3-Jan
0 4-Jan

10
10
10
10

dema

long

historical

Period (days) < term fcst term fcst avg

9
6.79
10.98
12.89

£ N NN

3 5 2.78

12.18

7.3
12.84
13.58

4.06

4.14
8.29
2.71

2

2.29

eatl feat2 feat3 ...

(O I o) B

Example:

N P AR

15

10 ...

Context vector includes
recent demand and
demand forecasts

= = O O

Ny

State | so7 4 B Coefficients
normalized 7 @

across time

“Coeff’ Reqularization:

Recent Desired
: Demand Output 1
Order quantity (I, x%)
= u(I%, xt), X recent demand

+ u(1t, xt), x historical deman
+ ..

1000 1.1
q 1100 1.0

“Both” Reqularization:

Order quantity (1%, x%)
= max{ u(It, xt); x recent demand
+ u(1t, xt), x historical demand
+..—1t,0} 8/15



DRL Methods: Model-Free Actor-Critic
Deep Deterministic Policy Gradient Proximal Policy Optimization (PPO)

(DDPG) [Lillicrap et al. 15] [Schulman et al. 17]
e Criticc-dominated: Q-function  Actor-dominated:
2 . mo(als) . . [ m(als) _ \
L(¢,D) = (S'G.J‘:Ed)mp (QO(S: Q) — (-r + (1 —d) max Q5. ar)) ) ] L(s,a,0,0) = min (’Irgi(a\s)A k(s,a), clip (?Tgak(a}s)’ 1—e€1+ e) A% (s, a))

- A deterministic policy optimized by * Critic used for variance reduction

taking gradients of Q in a continuous * Astochastic policy optimized by adjusting
action space the probability distribution over actions

Differentiable Simulator (DS) [Viadeka et al. 22,
Alvo et al. 23] amazon

« No transition tuple; Not sensitive to hyperparameters

mf;ln]E,E[%Ztell.lc(ﬁh?Tg(SL),&)‘Sl} subject to  Siv1 = f(Su, 70 (S)), &) Vi€ [T,
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Synthetic Data

Independent and AR(1) o |
demands over 29 days,
with 1-dimensional context 2 ;|

Train/Validate on 20

—— DDPG BASE
-« DDPG NONE
— PPO BASE
===« PPO MOMNE
D5 BASE
D5 NOME

Best (Top-5 Mean) Validation Loss Gap So Far (%)

trajectories 0
Resu |tS: Number of Hyperparameter Configurations Searched
1. Policy Regularizations improve the performance of different DRL
methods
2. Improve DS by the least, and DS has the worst final performance
3. Policy Regularizations have greater impact under limited

hyperparameter search
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Why do Policy Regularizations help DRL training? Why do Policy Regularizations help DS
less & the final performance of DS
worse?

min 2(sars') (Q(S@ r—y - minQ(s’, a,)) DS does not use a Q-function or any
Network output u(s) intermediate V (s)

DDPG BASE

— oorG None * Not cross-learning over time;
overfitting to idiosyncrasies in
trajectories

500 ﬁ

« Faster convergence of Q-function

1750

Critic Loss
=
(=]
(=]
(=]

250
0
2000 4000 6000 8000 10000
Timestep 201
DDPG BASE DDPG NONME
600 10 G el
. - ~ L
80 i S e —
i H i : “ T
. 0 L A
R e
60 T & S
i “) o I P , § 104 '
g‘ 40 g 200 o ; i H ; Do E —— Testing Loss for |[D"| =5
I= = I L ~ 201 Testing Loss for |pi@in| =10
2 2 i | 1 -
E E 0 | l I | I I I —— Testing Loss for |[D™"| =20
0 L. L ! —30 -+ Validation Loss for |Dfin| =5
: ' H - train) —
—20 —200 Validation Loss for |[D'™@"] = 10
i —40 --«- Validation Loss for |Dt™@"| = 20
2 4 6 8 10 12 14 2 4 6 8 10 12 14 0 20 40 60 80 100 120

Time t Time t Horizon Length T



Alibaba’s Offline Comparison

* Train/Validate on 55,000 SKU-

« Test on chronologically-later

short long historical
term fcst term fcst avg
19 9 12.18 4.14

) featl feat2 feat3 ...
4
4 7 6.79 7.3 8.29
4
4

SLTRAINER| ¢

20 10.98 12.84 271
13 12.89 13.58 2

(Sa 0l o) I

| LEARNING BATCH
RATE  SIZE

warehouse combinations ‘T ERE W |

days, different SKU-warehouse
combinations

DRL methods DG

Policy Regularization None Base Coeff Both None Base Coeff Both
Stockout Rate +10.10 +6.03  +4.41 ) +2.10 +218 +1.74 +1.91
compared to “Both” % % % % % % %
Turnover Time +6.13 +6.46  -0.41 ) -1.25 -2.81 +3.80 +0.23
compared to “Both” days days days Days days days days

(best results after hyperparameter searching for 10 days)
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Project Timeline and

Compared to July-August 2024:
Deployment Impact

in Stockout Rate
—20% in Turnover Time (Tmall global)
| | | |
Project start A/B Test Major Rollout 100% Adoption
June 2023 July 2024 April 2025 as of October 2025

v

in Stockout Rate
—1 day in Turnover Time (Tmall global)
—2 days in Turnover Time (Tmall)

Difference-in Differences:
-0.83 % in Stockout Rate
-9.53 days in Turnover Time

Recognized by CTO, who highlights:

« Reliability when retraining every 1.5 months, ( )
on data from most recent 90 days g % »

« Generality of one deployed policy for all ’
1,000,000+ inventories

BAO & TMALL GROUP
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Contributions of Paper [relative to past literature]

Simple Policy Regularizations and understanding why they work
Theory of learning with policy structure [Fan et al. 25, Xie et al. 25]

Encoding inventory policy structure into RL [De Moor et al. 22, Qi et al.
23, Maggiar et al. 25]

Reshape the narrative on best DRL method for Inventory

Papers advocating for SL method [Madeka et al. 22, Alvo et al. 23,
Andaz et al. 24, Eisenach et al. 24, Maggiar et al. 23]

One policy to manage all 1,000,000+ inventories at Alibaba Tmall
Other work on deployments [Liu et al. 22, Madeka et al. 22, Qi et al. 23]
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Key Takeaways * Inventory Cost of
-, Best Policy found
|.  Policy Regularizations improve W e No Policy Regularization
the pe_rformance (_)f DRL’ — With Policy Regularization
especially under limited ’

“.. Traditional DRL
hyperparameter search

ll. Policy Regularizations improve | i
DRL methods differentially i

lll. Policy Regularizations enable a
full-scale deployment of DRL

Time spent Hyperparameter Tuning

. 23 N al ~ 10 days, realistic for Alibaba
‘ E’tf Technology Division Ll . e
OBAO & TMALL GROUP o .l ]
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Thanks for Your Attention!

DeepStock: Reinforcement Learning with Policy
Regularizations for Inventory Management
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=5784782
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