
Automated Negotiation and Multimodal Time-Series Forecasting
for Efficient Procurement∗

Yasser Mohammad
NEC

Tokyo, Japan
y.mohammad@nec.com

Haifeng Chen
NEC Labs America
Princeton, USA

Haifeng@nec-labs.com

ABSTRACT
Procurement is a key function in supply chain management that
involves acquiring goods and services to meet organizational needs.
Efficient procurement is crucial for minimizing costs, ensuring
timely delivery, and maintaining quality standards. This paper ex-
plores the integration of automated negotiation and multimodal
time-series forecasting to enhance procurement processes. Auto-
mated negotiation can streamline interactions with suppliers, while
multimodal time-series forecasting can improve demand prediction
accuracy by leveraging diverse data sources leading to better ne-
gotiation outputs. By combining these approaches, organizations
can optimize procurement strategies, reduce costs, and improve
overall supply chain efficiency. We present two case studies using
simulations based on real-world data for procurement that show
the effectiveness of the proposed framework.
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1 APPLICATION DOMAIN
Procurement is one of the core functions in supply chain manage-
ment. It involves the process of securing goods and services from
external suppliers to meet the needs of an organization. Efficient
procurement is essential for minimizing costs, ensuring timely de-
livery, and maintaining quality standards. Traditional procurement
methods often involve manual negotiations with suppliers, which
can be time-consuming and prone to errors. One important sub-
problem of procurement is Delivery Date Adjustment (DDA) with
suppliers. DDA operations are short-term (usually daily or weakly)
negotiations between the procurement manager and suppliers to
adjust the delivery dates of goods in order to match demand in a
timely fashion while reducing carried inventory. DDA is a com-
plex task that requires balancing multiple factors such as demand
forecasts, inventory levels, and supplier capabilities [3]. This is the
case especially in industries with long lead times and high demand
variability, such as automotive and electronics manufacturing [2].
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Proc. of the 25th International Conference on Autonomous Agents and Multiagent Systems
(AAMAS 2026), C. Amato, L. Dennis, V. Mascardi, J. Thangarajah (eds.), May 25 – 29,
2026, Paphos, Cyprus. © 2026 International Foundation for Autonomous Agents and
Multiagent Systems (www.ifaamas.org). This work is licenced under the Creative
Commons Attribution 4.0 International (CC-BY 4.0) licence.

M
ul

tim
od

al
 T

im
es

er
ie

s 
Fo

re
ca

st
in

g

H
is

to
ric

al
 

D
at

a

Su
pp

or
tin

g 
M

od
al

iti
es

 (e
.g

. n
ew

s\
tw

ee
ts

)

Bu
si

ne
ss

 M
od

el
in

g

Au
to

m
at

ed
 N

eg
ot

ia
tio

n

Control Variable 
Forecast

Procurement Plan Purchase Orders
(DDA Solution)

Figure 1: Proposed method overview

This demo presents ongoing work combining automated negoti-
ation and multimodal time-series forecasting to improve Demand-
DrivenAcquisition (DDA) outcomes. Automated negotiation stream-
lines supplier negotiations, reducing manual effort, lead-time, and
carried inventory. Multimodal time-series forecasting improves
demand prediction accuracy by leveraging multiple data sources,
including historical sales data, market trends, and external factors
such as news articles and weather forecasts. The proposed approach
is not limited to DDA and can be applied to other business tasks in
which coordination between multiple players with different objec-
tives is required.

2 AUTOMATED NEGOTIATION
Automated negotiation is a subfield of multi-agent systems and
artificial intelligence that focuses on developing algorithms and
protocols to enable autonomous agents to negotiate with each other
to reach mutually beneficial agreements [9]. Automated negotiation
has been applied in various domains, including e-commerce, supply
chain management [8], and resource allocation [5].

Formally, a negotiation scenario 𝜆 is defined as a tuple (A,D)
where A is the set of agents (also called negotiators) numbered
from 1 to 𝑛, and D is the negotiation domain. The negotiation
domain D ≡ (Ω,U) is pair: (1) The outcome space (Ω of size𝑚)
comprising all possible agreements. A special outcome 𝜙 ∉ Ω is
always assumed to exist to represent disagreement and we define
the extended outcome space Ω+ as the Ω

⋃ {𝜙}. (2) U is a tuple
of agent utility functions. Each agent utility function 𝑢𝑖 is a map-
ping per agent from Ω+ to the range [0, 1]. Time-pressure can be
modeled by a discounting factor as in [9] or by a limit on the num-
ber of rounds/seconds allowed for the negotiation [1]. We assume
that each agent knows its utility function but not their opponents’
utility functions. This paper uses the bilateral Alternating Offers
Protocol (AOP) [1] in which agents exchange offers until either one
is accepted leading to an agreement, an agent leaves the negotiation
or a time-out condition is reached leading to a failure. For the this
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work, we trained an RL-based negotiator [10] for DDA. To negoti-
ate effectively, the negotiator needs to know its utility function. In
this work, we use future demand prediction through multimodal
time-series forecasting to calculate an optimal procurement plan.
This similarity between a delivery schedule and this plan is the
measure of utility employed in this work.

(a) Multimodal encoder

(b) Cross-modal fusion

Figure 2: Two key components of multimodal time-series
forecasting [4]

3 MULTIMODAL TIME-SERIES FORECASTING
Time series forecasting is crucial in fields like finance, healthcare, en-
ergy, and environmental monitoring, as it aids in decision-making,
resource optimization, and strategic planning. However, challenges
like high noise and limited training data often hinder the accuracy
of forecasting. To address this, incorporating information from re-
lated data sources, known as multimodal time series forecasting,
has emerged as a promising solution [4]. Let𝑀 be the number of
modalities, and define the M-dimensional observation at time 𝑡 as
x𝑡 =

(
𝑥
(1)
𝑡 , 𝑥

(2)
𝑡 , . . . , 𝑥

(𝑀 )
𝑡

)
, 𝑡 ∈ [1, 𝐿], where each x(𝑚)

𝑡 comes from
a different source such as numeric, text, image, or audio. We use
𝑋1:𝐿 = (x1, x2, . . . , x𝐿) ∈ 𝑅𝐿×𝑀 to represent historical data from all
modalities. The goal is to predict the future values of a time series
using this multimodal data. Assuming𝑚 = 1 is the numeric target
series and the forecasting horizon is 𝑇 steps, we define the target
variable 𝑦𝐿+1:𝐿+𝑇 = (𝑥 (1)

𝐿+1, 𝑥
(1)
𝐿+2, . . . , 𝑥

(1)
𝐿+𝑇 ) ∈ 𝑅𝑇 . We learn a param-

eterized mapping 𝐹𝜃 : 𝑋1:𝐿 → 𝑦𝐿+1:𝐿+𝑇 , trained by minimizing a
task loss, typically the mean squared error (MSE). The function 𝐹𝜃
leverages both intra-series dynamics (such as temporal patterns
within modality 1) and cross-modal dependencies in 𝑋1:𝐿 (such as
correlations between sensor signals and related text or images) to
produce forecasts that outperform single-modality baselines.

Figure 1 illustrates the approach by using the time series and
text data as two modality inputs. They are jointly decomposed
into trend and seasonal components, and are then fed to the multi-
modal augmented encoder which incorporates both sample-wise
and feature-wise multimodal data augmentation. The resulting
outputs from Figure 1(a) are decoded using component-specific
decoders, as shown in Figure 1(b). Finally, the predictions for trend
and seasonality are combined through a cross-modal fusion scheme
to generate the final predictions. For details, see [4].

4 SYSTEM ARCHITECTURE
The proposed method consists of a sequential pipeline (Fig. 2)
in which the multimodal time-series forecasting module predicts
procurement-plan control variables (e.g. future demand) based on
historical data and textual information collected from relevant news
sources, social media, etc. These predictions is then used to define
the procurement plan through a business-model (this is the only
stage that needs to be changed for a new application). The procure-
ment plan defines the utility function which is then used to set
the utility function used by the automated negotiation module to
negotiates with suppliers to adjust delivery dates and quantities to
meet the production plan while minimizing costs and risks.

Product Oracle Negotiation +Forecasting +Multimodal

Petroleum 31% 10% 10% 24%
Gold 17% 8% 8% 17%
Gas 34% 10% 19% 29%
Silver 20% 8% 16% 20%

Indirect 23% 8% 12 % 23%

Table 1: Inventory reduction on the direct and indirect fore-
casting use-cases.

5 EVALUATION
For our first use-case, we considered a trading scenario in which the
buyer buys a product from its suppliers and sells it directly to cus-
tomers (i.e. the business-modeling phase is trivial). We used datasets
from [4] and conducted negotiations using a time-based strategy [6]
implemented in NegMAS [7]. Performance was measured by inven-
tory reduction. Table 1 shows results comparing: Oracle (perfect
demand knowledge), Negotiation-only (mean-based forecasting),
+Forecasting (DLinear [11]), and our approach (+Multimodal) .

For our second use-case (indirect forecasting), multiple variables
affect the procurement plan. We created a synthetic business-model
with 20 factors (energy prices, metal prices, ICT stocks, bitcoin,
Covid incidents). The last row of Table 1 shows that our method
achieves 15% improvement over negotiation-only and matches
Oracle performance. These results demonstrate that combining
multimodal forecasting with automated negotiation significantly
improves procurement outcomes across different scenarios. The
approach is particularly effective when external textual information
correlates with demand patterns.
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6 DEMONSTRATION REQUIREMENTS
Equipment and Setup. The demonstration requires a standard

table space (approximately 1.5m width) with access to two power
outlets. We will bring our own laptop to run the demonstration. A
poster stand for an A0-sized poster would be appreciated if avail-
able.

Network Requirements. Internet access is preferred for demon-
strating real-time negotiation interface for the Human-Agent case,
but the system can operate in offline mode using cached data if
connectivity is unavailable.

Special Considerations. No special lighting, sound, or space re-
quirements beyond standard demo booth conditions. The demon-
stration is self-contained and does not require any conference-
provided equipment beyond the table and power supply.
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