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Abstract

This thesis studies personalized pricing for customized car features. The problem is dif-
ficult because buyers are heterogeneous, strategic, and only partially observable. Ex-
isting dynamic pricing work often assumes single-round quoting or simplified demand
responses, which makes it difficult to study sequential pricing decisions with latent con-
sumer traits and negotiation behaviour. For this reason, personalized pricing over cus-
tomized car features is better viewed as a sequential partially observable decision prob-
lem.

To address this setting, the thesis formulates the task as a partially observable Markov
decision process (POMDP) and develops a consumer-simulation-based benchmark. This
benchmark provides a controlled setting in which heterogeneous buyers, multi-round ne-
gotiation, and different classes of pricing agents can be studied under one shared evalua-
tion protocol.

The experiments compare these agents under the same benchmark protocol. The re-
sults show that the benchmark is non-trivial: profit and agreement do not coincide, differ-
ent methods exhibit clearly different negotiation profiles, and learning-based agents do not
automatically outperform stronger heuristic strategies. In particular, the findings suggest
that representation quality and reward design materially affect learned-agent behaviour
within the benchmark. Overall, the thesis contributes a structured and reproducible bench-

mark for studying personalized negotiation-based pricing under partial observability.
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Chapter 1

Introduction

1.1 Research background

Customized car feature pricing is a practical decision problem in which a seller adjusts the
prices of optional vehicle features, such as colour, transmission type, or interior upgrades,
to improve profit while maintaining consumer acceptance. Unlike pricing a fixed product,
this setting requires the seller to reason about how consumers value different combinations
of features, how much those features cost to implement, and how pricing decisions interact
with purchase intent. In real customization scenarios, the same feature bundle may be
perceived very differently by different buyers, making uniform pricing an insufficient
approximation.

This problem is especially relevant when pricing decisions are personalized rather
than purely catalogue-based. Some consumers care more about aesthetics, some about
safety or technology, and others are constrained primarily by price or household needs.
A useful pricing system therefore cannot rely only on a single estimate of market de-
mand. It must instead reason about consumer heterogeneity at the level of individual
or group-specific preferences, while still preserving a coherent pricing policy from the

seller’s perspective.

1.2 Motivation

These observations also help explain why the thesis is not framed only as an applica-
tion study of car pricing. They point to a broader methodological gap concerning how
personalized, negotiation-based pricing problems can be formalized and evaluated in a
controlled way.

Existing work on dynamic pricing has provided valuable models for demand re-
sponse, revenue management, and learning-based price adjustment [[1H3]]. However, much
of that literature focuses on single-round offers, aggregate demand models, or relatively
homogeneous consumer assumptions. These formulations are useful in many business
settings, but they provide limited support for studying personalized feature-level pricing

with multi-round negotiation and hidden consumer states in a unified and reproducible
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way. In particular, prior work rarely standardizes this combination of partial observabil-
ity, consumer heterogeneity, and bargaining interaction into a benchmark that can support
controlled comparison across pricing agents, even though negotiation frameworks and

evaluation environments already exist in adjacent lines of work [4} 3].

1.3 Problem statement

To address this gap, this thesis formulates customized car feature pricing as a partially ob-
servable Markov decision process (POMDP) and develops a simulator-based benchmark
for controlled evaluation. The proposed framework combines a public-data-grounded
persona generation process, a fixed persona bank, a multi-round negotiation environ-
ment, and a unified evaluation protocol for heuristic, model-free, and model-based pricing
agents. At a practical level, the benchmark brings together explicit persona sampling, a
bargaining process, and several comparable agent families under one task definition.

The main thesis claim is not that this work fully reconstructs a real vehicle market,
nor that it proposes a single final pricing algorithm for deployment. Instead, the aim of the
thesis is to provide a structured, reproducible, and extensible research setting for study-
ing personalized negotiation-based pricing under partial observability. More specifically,
its contribution lies in formalizing the task, instantiating it as a simulator-based bench-
mark, and using that benchmark to compare different classes of pricing agents. This also
leaves room for later extensions, including richer semantic signals and adaptive inference

mechanisms, without turning the thesis into a pure algorithm-novelty study.

1.4 Research challenges

The task also becomes more difficult when pricing is treated as an interactive process
rather than a one-shot quotation. In many realistic buying settings, the seller does not
observe the consumer’s full willingness to pay at the start of the interaction. Observable
information, such as age band, income band, household stage, vehicle ownership stage,
or primary use case, can offer partial clues, but important decision variables remain hid-
den. These hidden factors include feature priorities, negotiation style, price sensitivity,
patience, and walk-away behaviour. As a result, the pricing problem is better understood
as sequential decision making under uncertainty than as static optimization over a fully
known demand curve.

This sequential nature matters because the seller must update decisions based on lim-
ited feedback over multiple rounds. A quoted price may be accepted, rejected, countered,
or followed by disengagement. Each response reveals only a small amount of informa-
tion about the consumer’s latent state, while delaying agreement can reduce the value of
the interaction. Hence, the seller faces a combined inference-and-control problem: infer
hidden consumer traits from behavioural signals and choose subsequent actions that im-

prove long-term profit. This structure motivates a formal treatment beyond conventional
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single-step pricing formulations.

1.5 Contributions

The main contributions of this thesis are as follows:

* We formulate personalized feature-level pricing for customized car options as a
POMDP with hidden consumer traits, multi-round interaction, and profit-oriented
sequential decision making, thereby turning an informal pricing scenario into a

well-defined research task.

* We develop a consumer simulation framework that combines public-data-grounded
persona generation, explicit separation between observable profiles and hidden de-
cision traits, and a fixed persona bank for reproducible training, validation, and

testing.

* We implement a multi-round negotiation environment for customized feature pric-
ing, using a structured interaction protocol in which seller offers, consumer re-
sponses, counter-offers, and termination outcomes can be logged and evaluated

consistently across episodes.

* We implement different types of pricing agents, including heuristic baselines and
learning-based agents, for profit-oriented decision making in the proposed bench-

mark.

* We conduct comparative evaluation of these pricing agents under a shared bench-
mark protocol, and further examine the effects of reward design and selected exten-

sion modules through ablation studies.

1.6 Thesis organization

The remainder of this thesis is organized as follows.

Chapter [2| reviews related work on dynamic pricing, consumer simulation, negotia-
tion environments, and learning-based sequential decision making.

Chapter [3]introduces the formal POMDP task definition.

Chapter [] describes the persona generation pipeline, the negotiation environment,
and the benchmark design choices.

Chapter[5|summarizes the pricing agents considered in this benchmark, together with
selected extensions.

Chapter [6] presents the evaluation protocol, baseline methods, and experimental re-
sults.

Chapter /| concludes the thesis by summarizing the main findings, offering a critical

appraisal of the project, and outlining future work.



Chapter 2

Related work

This chapter reviews the main literature threads that are most relevant to the thesis. Rather
than treating the problem only as a pricing task or only as a reinforcement-learning task,
it considers related work on pricing and personalization, consumer heterogeneity and
simulation-based modeling, negotiation under hidden information, and learning-based
agent evaluation. The aim is to show that these components are individually well stud-
ied, while their combination into a reproducible benchmark for personalized feature-level

pricing remains relatively limited.

2.1 Dynamic and personalized pricing

Feature pricing and product configuration pricing. Feature pricing and product con-
figuration pricing have been studied in several adjacent forms. In the automotive domain,
Thomassen [6] analyzes pricing across automobile engine variants and shows that markup
patterns can vary systematically with product quality within a model line. This treats
product variants as differentiated pricing objects rather than as a single homogeneous
product. Related ideas also appear in configurable-product research, where the seller must
jointly reason about component choices, assortments, and prices. For example, Wang et
al. [7] study assortment planning and pricing for configurable products under a sequential
choice process, showing that customer choice over required and optional components can
materially affect optimal pricing decisions. Taken together, these studies support the view

that option-level and attribute-level pricing is a meaningful problem.

Sequential dynamic pricing under uncertain demand. Dynamic pricing has also been
extensively studied as a sequential decision problem under uncertain demand. Common
themes in this literature include contextual price adjustment, strategic buyer behaviour,
and learning-based control. Choi et al. [1], for example, develop a semi-parametric con-
textual pricing algorithm in which the seller adapts prices under censored valuation in-
formation. Liu et al. [8] further study contextual dynamic pricing with strategic buy-
ers, showing that buyer-side strategic behaviour can materially complicate the pricing

problem. Deep reinforcement learning has also been applied to adjacent pricing settings.
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Pandey et al. [2] formulate dynamic toll pricing as a POMDP and use deep reinforcement
learning under partial observability. Liu et al. [3] similarly apply deep reinforcement
learning to dynamic pricing in e-commerce, while Villarrubia-Martin et al. [9] propose
a multi-agent reinforcement-learning framework for high-speed rail pricing. Taken to-
gether, these studies show that dynamic pricing is already a rich sequential literature,
and that reinforcement learning is a credible methodological choice when the seller must

adapt prices over time under uncertainty.

Personalized pricing, welfare, and fairness. A smaller but still relevant thread consid-
ers how personalized pricing is interpreted once sellers begin to exploit consumer differ-
ences. Biggs et al. [10] emphasize interpretability in personalized pricing, while Dubé
and Misra [11] and Priester et al. [12]] examine welfare and fairness concerns from the
consumer side. These issues are not the main focus of the present thesis, but they show
that personalized pricing is discussed in the literature not only as an optimization problem,
but also as a practice with broader consumer-facing implications.

Taken together, the pricing literature already establishes that product attributes can
matter for pricing and that dynamic pricing is inherently sequential under uncertain de-
mand. However, these strands are often studied separately. Existing work usually focuses
on configurable products without multi-round bargaining, on sequential pricing without a
fixed customized bundle, or on personalized pricing without a reproducible benchmarked
negotiation setting. The present thesis builds on these strands by bringing feature-level
pricing, hidden consumer heterogeneity, and sequential negotiation into one structured

evaluation framework.

2.2 Consumer heterogeneity and simulation-based mod-
eling

Consumer heterogeneity and willingness to pay have long been central concerns in eco-
nomics and marketing. A recurring message in this literature is that buyers do not respond
to prices or product attributes in the same way, and that pricing models become more in-
formative once this variation is represented explicitly. In the automotive domain, for
instance, Shin et al. [13] show that consumers differ substantially in their preferences for
vehicle technology options and fuel types. This line of work makes clear why pricing over
customized features should be grounded in heterogeneous buyer responses rather than in
a single representative demand curve.

Related work has also studied how such heterogeneity can be represented in compu-
tational systems. Schlechtinger et al. [[14] build a market-simulation framework that sup-
ports different demand models and market conditions, and use it to analyze the behaviour
of learning-based pricing agents. Xia et al. [[15] similarly propose a multi-stage model for

generating synthetic retail transactions with heterogeneous customer behaviour, including
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price sensitivity and experience-dependent effects. These studies are useful here because
they show that consumer-side variation can be embedded into simulation environments in
a structured and research-oriented way rather than treated as unmodeled noise.

Another closely related direction concerns explicit simulated populations and
persona-style agents. Salem et al. [16], for example, present TinyTroupe as an LLM-
powered toolkit for defining and simulating detailed personas with persistent attributes
and behavioural tendencies. Although its goals are broader than pricing, it helps justify
the use of structured persona records as simulation assets. At the level of benchmark in-
frastructure, Liu et al. [17] show in an adjacent domain that reusable environments, fixed
evaluation protocols, and shared assets can themselves be meaningful research contribu-
tions. Together, these strands support the simulation choices made in this thesis. At the
same time, relatively few works organize heterogeneous consumers as a fixed persona

bank with explicit observable and hidden traits under one shared pricing protocol.

2.3 Negotiation and partially observable sequential deci-

sion making

Automated negotiation has a long research history, and several frameworks already sup-
port the design and comparison of bargaining agents. A representative example is Ge-
nius [4], which was developed as a general environment for automated negotiators across
different domains. Competition-style evaluation has also become standard in this litera-
ture. The ANAC competitions, for example, were explicitly designed to encourage the de-
velopment and comparison of automated negotiation agents under shared protocols [18]].
More recent platforms such as NegMAS [5)] and NEGOTIATOR [19]] further broaden the
available tooling for negotiation research and human—agent interaction.

Taken together, these frameworks show that multi-round bargaining is already a rec-
ognized research setting rather than a niche implementation choice. They model negotia-
tion as an interactive process in which offers, counter-offers, acceptance, and breakdown
unfold over time rather than being compressed into a single posted-price decision. More
recent work, including LLM-oriented negotiation benchmarks [20, 21], shows that nego-
tiation evaluation remains active, although such studies are not primarily concerned with
pricing benchmarks.

This literature is also closely connected to partially observable sequential decision
making. In many negotiation settings, the agent must act without direct access to the other
party’s full preferences or intentions, which makes hidden-state reasoning central. More
generally, POMDPs remain a standard framework for modeling sequential decision prob-
lems under incomplete information [22]]. Even in adjacent pricing applications, POMDP
formulations have been used when the seller only receives partial behavioural signals

rather than direct access to buyer valuations [2]. Together, these strands help justify why



2.4. REINFORCEMENT LEARNING METHODS 19

the present thesis treats pricing over customized bundles as a negotiation problem under

partial observability, rather than as a static supervised prediction task.

2.4 Reinforcement learning methods

Model-free reinforcement learning. Model-free reinforcement learning has been widely
used in sequential decision problems because it learns a policy directly from interaction
rather than from an explicit model of environment dynamics. Among these methods,
Proximal Policy Optimization (PPO) [23] has become one of the most commonly used
baselines because of its relative simplicity and robustness across domains. In pricing-
related applications, reinforcement learning has already been explored in settings such as
consumer credit, toll pricing, and e-commerce [2, 3, 24]. These works differ in domain
and task structure, but together they show that model-free reinforcement learning is a
plausible baseline family whenever pricing decisions must adapt over time under uncer-
tainty.

World models and latent-state methods. A complementary direction is model-based or
latent-state reinforcement learning, in which the agent learns an internal representation of
environment dynamics and uses it to support control. Early work on world models [25]
showed how compact latent dynamics can be learned from experience and then used for
downstream decision making. More recently, DreamerV3 [26] has demonstrated that
latent world-model learning can provide a strong and general-purpose control framework
across many domains. This line of work is especially relevant when the environment is
partially observable, because the agent must infer useful latent structure from incomplete
observations rather than rely on full state access at each step. It therefore provides a clear
methodological contrast to PPO rather than merely a second learning baseline of the same
kind.

Together, these reinforcement-learning methods provide the main methodological
context for the learning-based pricing agents considered in this thesis. The point of in-
cluding them here is not to claim a new RL algorithm, but to show that both model-free
and model-based agent families are well-motivated reference methods for a sequential

pricing benchmark under hidden information.

Chapter Synthesis. Taken together, the literature reviewed in this chapter establishes four
ingredients that shape the thesis: pricing over configurable products, buyer-side hetero-
geneity and simulation, negotiation under hidden information, and learning-based agent
comparison. Each strand already exists on its own, but they remain only loosely connected
in prior work. The next chapter therefore turns from literature context to formal task def-
inition by specifying how these ingredients are combined into one POMDP benchmark

for personalized negotiation-based pricing.



Chapter 3

Problem formulation

This chapter defines the pricing task at the problem level. Its purpose is to state what one
episode represents, why the setting is partially observable and sequential, and how the task
can be formalized as a POMDP. The focus is on the decision structure of the benchmark:
the hidden consumer state, the information available to the seller, the action semantics,
the reward definition, and the finite negotiation horizon. This chapter remains at the level
of task formulation rather than simulator implementation. Detailed persona construction,

willingness-to-pay modeling, negotiation mechanics, and benchmark instantiation are de-
ferred to Chapter [4]

3.1 Task setting and episode definition

This section defines the benchmark task before introducing the formal POMDP tuple. The
focus here is on what one episode represents, who interacts in the environment, and what

information and objectives characterize the task at a high level.

3.1.1 Episode definition

One episode is defined as one negotiation between the pricing agent, acting as the seller,
and one sampled consumer, acting as the buyer, over one selected bundle of customized
car features. The configuration remains fixed within the episode, while the quoted price
can change across rounds as the interaction unfolds. Hence, the benchmark does not
model product redesign during negotiation; it models dynamic pricing over a fixed cus-
tomized package.

At the episode level, the interaction starts from an initial observation that contains
the selected bundle and the observable part of the consumer profile. The agent then takes
negotiation actions, and the consumer responds according to its internal state. The episode
ends when an agreement is reached, one side leaves the negotiation, or the interaction
horizon is exhausted. In task terms, each episode is a single bargaining trajectory defined
over one buyer—configuration pair.

Figure [3.1) summarizes this structure at a high level. One sampled consumer and

one fixed configuration bundle are paired at initialization, the seller then acts through a
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bounded multi-round bargaining loop under partial observability, and the episode termi-
nates either with realized profit from agreement or with zero profit when no agreement is
reached.

One benchmark episode
fixed bundle, bounded bargaining, terminal return

Sampled consumer persona Fixed configuration bundle
Observable profile /" Hidden traits \ Episode chosen customization features
band. i band | reservation level, ! . . bundle MSRP delta
age band, income band, ! patience, sensitivity, 1 initialization estimated seller cost
L household stage, use case " ‘b_af%a_i'ji'jg_ Ee_n_d_er_]c_y,‘l aesthetic proxy
J
( Multi-round negotiation loop (max 5 rounds) h
Simulated consumer 1. Agent gets observation Pricing agent (seller)
(buyer) Action space:
2. Agent selects an action offer
accept offer accept last counter-offer
Responses: reject offer 3. Consumer responds walk-away . .
Available information:
counter-offer ) )
Repeat until termination observable profile, fixed bundle,
walk away and interaction history
N J
deal madel no deall
(Hidden-state inference Realized profit Zero profit
The seller never observes hidden buyer traits directly. Terminal agreement reached walk-away or timeout
It must infer them from public context and history. outcomes within the horizon before agreement

Figure 3.1: High-level structure of one benchmark episode. Each episode begins with

one sampled consumer and one fixed configuration bundle, proceeds through a bounded

bargaining loop of up to five rounds, and ends either with realized profit from agreement
or with zero profit when no agreement is reached.

3.1.2 Seller objective

The goal of the pricing agent is to maximize expected profit over the course of the in-
teraction. This objective depends not only on the quoted transaction price, but also on
the cost of delivering the selected features and on whether the negotiation successfully
reaches agreement. A pricing policy that asks for a very high price may improve margin
in successful cases, but it may also increase the chance of rejection or walk-away.

As a result, the seller faces a trade-off between deal profit and negotiation failure,
with the cost of prolonged bargaining arising mainly through delay-induced failure risk
and the finite interaction budget rather than through many stepwise heuristics. This makes
the task different from static preference estimation. The agent is required to choose ac-

tions that improve long-run return rather than merely predict consumer preferences.

3.1.3 Observable and hidden consumer information

Consumer heterogeneity is an essential assumption of the benchmark. Different con-
sumers may respond differently to the same feature bundle and the same price trajectory
because they differ in budget tolerance, feature priorities, negotiation style, and willing-
ness to continue bargaining. As a result, the same offer may lead to acceptance in one

episode, a counter-offer in another, and immediate disengagement in a third.
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To reflect this structure, the benchmark distinguishes between observable consumer
descriptors and hidden behavioural traits. Observable information includes coarse profile
fields such as age band, income band, household stage, ownership stage, and primary use
case. Hidden information includes factors such as reservation-price level, price sensitivity,
patience, counter-offer tendency, walk-away tendency, and latent feature preferences. The
detailed generation of these traits is deferred to Chapter 4} here they are introduced only

as task-level components.

3.1.4 Interaction protocol

The interaction protocol is multi-round. In each round, the seller may issue a new offer,
accept the latest consumer counter-offer, or walk away. The consumer may then accept,
reject, counter, or disengage depending on its hidden state and the current interaction
context. This repeated exchange forms the basic interaction structure of the benchmark
and i1s more suitable for this task than a single-shot quotation.

Importantly, the history of the interaction carries information. Previous offers, re-
sponses, and counters affect what the agent knows about the consumer and what actions
remain reasonable in later rounds. This motivates a history-dependent decision process

rather than a single-step pricing problem.

3.2 Why the task is a POMDP

This section explains why the task defined above is more appropriately modeled as a
POMDP than as a fully observable or single-step decision problem. The key reason is
that the agent must act over multiple rounds while observing only a partial view of the

consumer state.

3.2.1 Partial observability

The pricing agent never observes the consumer’s full internal decision state. What the
agent sees is limited to the observable profile, the selected configuration, and the nego-
tiation history revealed so far. Important decision variables, such as latent feature pref-
erences, reservation-price drivers, price sensitivity, patience, and walk-away tendency,
remain hidden throughout the interaction.

This matters because observable behaviour does not uniquely identify the underlying
consumer state. The same observed rejection or counter-offer may arise from different
internal reasons, and those reasons may lead to different future responses. The agent
must therefore infer hidden information indirectly from behaviour rather than rely on

direct state access.

3.2.2 Sequential decision making

The task is sequential because current actions affect both future observations and future

returns. A high offer may produce a profitable immediate deal if accepted, but it may also
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trigger rejection, increase walk-away risk, or lead to a tougher counter later. Likewise, an
early concession may preserve the interaction while reducing short-term margin.

This means that decisions cannot be evaluated independently round by round. The
agent must reason over the trajectory of the negotiation, since each action changes the
information available at the next step and influences the set of future outcomes that remain

possible.

3.2.3 Control under uncertainty

The problem is not only to infer consumer preferences, but to choose actions that improve
expected return under uncertainty. Even if the agent can partially infer that a consumer is
price sensitive or impatient, the main challenge is still to decide what to do next: continue
negotiating, lower the offer, accept a counter, or terminate the interaction.

For this reason, the benchmark is more naturally understood as a control problem un-
der uncertainty than as a pure estimation problem. The POMDP formulation captures this
combination of hidden state, sequential interaction, and profit-oriented decision making

in a unified way.

3.3 POMDP definition
We define the benchmark task as a finite-horizon POMDP

M= (8744;07T7Q7R7p07H7Y)7

where S is the hidden state space, A is the action space, O is the observation space, T
is the transition function, Q is the observation function, R is the reward function, pg is
the initial-state distribution, H is the finite horizon, and 7 is the discount factor. In our
benchmark, the horizon is H = 5. The task is therefore best interpreted as finite-horizon
return maximization under partial observability.

Figure[3.2]summarizes the same formulation visually by separating the environment-
side latent state from the seller-visible observation and showing how action, reward, tran-

sition, and the finite horizon connect across this information boundary.

3.3.1 Hidden state space S

The hidden state represents the full information required to determine the future course

of the negotiation. At a structural level, it can be written as

__ /.consumer config neg
st_(st ast 7sl )7

consumer

) fig . ) .
where s; is the consumer state, sfon £ is the selected configuration state, and s?eg 1S

the current negotiation status.

The consumer component s{°""™" contains both observable profile descriptors and
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POMDP task structure and information boundary

Environment / hidden side Seller-visible side

Latent state st ] public ( Observation ot
selected bundle, seller-side cost term, observation observable persona profile,
hidden buyer state, selected bundle descriptors,

current round index, o current round, recent offers
and the accumulated negotiation state or counters, and visible history

not directly observed seller chooses

Environment-only Reward rt
latent factors
willingness to pay,
patience,
price sensitivity,
bargaining style

Action at
seller chooses one action:
offer a price,

. accept a counter-offer,
actsjon environment| or walk away

zero on intermediate steps;
terminal profit
or zero return

observable-hidden boundary

terminal signal next state and next observation

Transition and horizon
P(st+1 | st, at) is realized by the negotiation environment

episode ends at agreement, walk-away, or the finite horizon H = 5

Figure 3.2: POMDP task structure and information boundary: the environment main-

tains the latent negotiation state, while the seller receives only a partial observation and

acts through the restricted action interface. Reward is realized through episode out-
come, and transition proceeds under the finite horizon H = 5.

latent behavioural variables. The observable part includes coarse persona descriptors,
while the hidden part contains the valuation-related and bargaining-related factors that
shape behaviour. Together, these hidden variables determine how the consumer values

the current bundle and how it reacts to seller actions.

g ontains the selected bundle of customized car

The configuration component s,°
features under negotiation together with the bundle-level descriptors that influence both
buyer-side valuation and seller-side outcomes. These include economic descriptors of the
bundle and an appearance-related signal, although not all of this information is directly

exposed to the agent.

The negotiation component s; - records the current stage of the interaction. At a
minimum, it includes the round index, the latest seller offer, the latest consumer response,
the latest consumer counter-offer when available, and whether the episode has already
terminated. Although parts of this information are reflected in the observation, the full

negotiation state is not directly revealed to the agent.

Finally, the hidden state also contains a round-dependent latent valuation term, de-
noted here as the consumer’s current willingness to pay, WT'F,. This quantity evolves
with hidden persona variables, bundle-level signals, round progression, and stochastic
variation. It is not directly observable to the agent, but it strongly influences whether a
given offer is accepted, rejected, or countered. Its detailed construction is deferred to
Chapter 4]
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3.3.2 Action space A

The seller action space is defined over three move types:
A = {offer,accept,walkaway} x P,

where the price component in P is relevant only when the move is offer. The three
moves have straightforward task-level semantics. The of fer action proposes a new seller
price for the current configuration. The accept action commits to the latest consumer
counter-offer when such a counter is available. The walkaway action ends the negotiation
immediately from the seller side. The concrete agent-facing realizations of these decisions
are described later, but the task itself is defined only by these three move types together

with the offered price on the of fer branch.

3.3.3 Observation space O

The observation space contains only seller-visible information. At round ¢, the agent
receives a partial observation
Oy = Q(St),

which includes the current negotiation status, selected bundle descriptors, and the ob-
servable part of the consumer profile, but excludes the latent behavioural variables that
actually generate consumer responses.

In practical terms, this means that the seller observes coarse profile information,
bundle-level descriptors, and the interaction history accumulated so far, including recent
offers and responses. These signals are sufficient to support sequential decision mak-
ing, but they do not expose the hidden variables that actually govern buyer valuation and
behaviour.

The key point is the information boundary itself: the seller receives only seller-

visible information and must act without direct access to the buyer’s full internal state.

3.3.4 Transition function 7

The transition function specifies how the hidden state evolves after each seller action. At
a high level, the next state depends on the current consumer state, the fixed configuration,
the current negotiation status, and the chosen action. The resulting transition may produce
an agreement, a rejection, a counter-offer, a buyer walk-away event, or a timeout-like
progression.

Because consumer response depends on latent valuation and bargaining traits, the
same observed outcome need not correspond to the same underlying state. The transition
therefore changes both what remains possible later in the episode and what can be in-
ferred about the buyer. It also advances the negotiation toward termination under a finite

interaction budget, so delaying agreement can affect both future observations and future
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return.

3.3.5 Observation function Q

The observation function maps the hidden state into the limited feedback available to the
seller. In this benchmark, € does not reveal the consumer’s internal willingness-to-pay
decomposition or latent behavioural coefficients directly. Instead, it exposes only what
the seller could plausibly observe from the interaction: coarse profile descriptors, bundle-
level descriptors, and the latest interaction outcome.

This design is important for preserving the POMDP structure. The seller may ob-
serve the current stage of the negotiation and the most recent interaction outcome, but not
the hidden reasons that generated that outcome. The observation function therefore acts
as a controlled information bottleneck between the full simulator state and the agent.

3.3.6 Reward function R

At the task-definition level, the reward function is profit-oriented and sparse. The seller
receives positive return only when the negotiation terminates in a deal, with magnitude
determined by realized profit. Unsuccessful episodes yield zero terminal return. The

POMDP reward can therefore be written as

R profit;, if the episode terminates with a deal,
t pu—
0, otherwise,

where profit, is the realized seller profit at deal completion,

Pprofit, = Pdeal — Cimpl,

where pgea 1s the final agreed price and ciyp 1s the seller-side cost term associated with
the selected configuration. This formulation captures the central task objective: use a
limited interaction budget to convert buyer—seller negotiation into profitable agreements.
At the benchmark-interface level, the environment may still emit auxiliary event-level
signals for particular interaction outcomes, but those do not change the underlying task
objective defined here. Later chapters describe how this objective is realized under the

concrete benchmark protocol and learning interfaces.

3.3.7 Initial-state distribution py and discount factor y

At the task-definition level, the initial-state distribution pg is a controlled distribution
over buyer—configuration pairs. Each episode begins with one consumer and one fixed
configuration bundle before any interaction history has been revealed. Conceptually, the
role of pg is to define how negotiation episodes are initialized.

The discount factor ¥ is included in the POMDP tuple for completeness. At the
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task-definition level, the benchmark is formulated as undiscounted episodic profit max-
imization, so the problem-level interpretation is ¥ = 1. Different learning algorithms
may use their own optimization settings during training, but those are implementation
choices rather than part of the task definition itself. The practical decision pressure in the
benchmark comes primarily from the finite negotiation horizon and the risk of reaching a

no-deal termination.

3.3.8 Termination and finite horizon

Episodes terminate under several clearly defined conditions. Agreement is terminal when
the consumer accepts the seller’s offer or when the seller accepts the latest consumer
counter-offer. Seller walk-away is also terminal. In addition, the episode may end because
the consumer leaves the negotiation or because the interaction horizon is exhausted.

The benchmark is explicitly finite horizon. Delaying too long can itself turn a po-
tentially profitable interaction into failure. Because consumers may differ in how they
tolerate continued bargaining, time pressure interacts naturally with hidden buyer state.

The finite-horizon structure is therefore a core part of the POMDP formulation.



Chapter 4

Consumer simulator and benchmark

design

This chapter presents the consumer simulator and benchmark design. It describes how
vehicle inputs, public-data-grounded consumer assumptions, persona construction, latent
value modeling, and multi-round negotiation are assembled into a benchmark environ-
ment for pricing-agent evaluation. The chapter also explains the benchmark choices
that support controlled comparison, including a fixed persona population, reproducible
episode generation, and shared evaluation conditions across methods. Throughout the

chapter, the emphasis is on a structured and transparent simulator design.

4.1 Customization scope

This section defines the input scope of the benchmark. It first introduces the fixed vehicle
customization space over which pricing decisions are made, and then explains how public
consumer priors and explicit abstraction choices are used to ground the simulator. The

focus is on a controlled and transparent benchmark setup with explicit scope boundaries

4.1.1 Vehicle customization catalog

The configuration space of the benchmark is built from the customization options of a
real vehicle model. In our benchmark, we use the Mercedes-Benz E350 Sedan [27]] as
the anchor vehicle and organize its customization choices into a fixed catalog of feature
options. The option-level MSRP deltas are compiled from the official Mercedes-Benz
pricing materials for this vehicle configuration and then standardized into a benchmark
catalog. Each option is associated with an MSRP delta, which is later used both in buyer-
side value modeling and in the seller-side cost proxy.

The catalog contains 20 canonical options across 11 customization dimensions, in-
cluding paint color, wheels, exterior styling, upholstery, trim, comfort features, audio
system, technology package, safety features, performance upgrades, and lighting options.
In each episode, the benchmark samples one canonical option per dimension to form the

configuration bundle under negotiation. In our benchmark, the catalog is intentionally
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Table 4.1: Overview of the E350 customization catalog used in the benchmark. MSRP
deltas are compiled into the benchmark catalog from official vehicle pricing materials.

Dimension Representative options MSRP delta
range

Paint color Standard paint, metallic paint, MANUFAK- | $0-$1,750
TUR paint

Wheels 18-inch standard, 19-inch upgrade, AMG high- | $0-$1,950
end wheels

Exterior styling Styling upgrade package $400

Upholstery MB-Tex, leather, nappa leather $0-$2,990

Trim Standard trim, premium trim $0-$150

Comfort Seat comfort upgrade, soft-close doors, multi- | $500-$2,950
contour package

Audio Burmester 4D audio $1,030

Technology MBUX Superscreen $1,500

Safety Driver Assistance Package $1,950

Performance AIRMATIC package $3,200

Lighting Digital Light $990

kept free of richer package-dependency logic or cross-option compatibility constraints,
so that the configuration space remains transparent and comparable across methods. Ta-
ble {. 1] provides an overview of the representative options in each dimension along with
their associated MSRP delta ranges. A complete option-level reference, including the full
list of benchmark option identifiers, MSRP deltas, and aesthetic prior weights, is provided
in Appendix [A] This catalog serves as the fixed product space for the benchmark, ensuring
that all compared agents face the same configuration choices and allowing the analysis to

focus on pricing and negotiation behaviour rather than on cross-product variation.

The same catalog also defines the benchmark’s economic quantities. The customer-
facing price anchor of a bundle is the sum of option-level MSRP deltas, denoted as the
total MSRP delta of the selected configuration. On the seller side, implementation cost is

modeled through a fixed-ratio proxy:

Cimpl(b) = 0.5)_ AMSRP;,
ich
where b is the selected configuration bundle and AMSRP; is the MSRP delta of option i.
This assumption treats option cost as a benchmark-level approximation, allowing profit
to be defined transparently and reproducibly.

In addition to price information, each catalog option is assigned a scalar appearance-
oriented prior weight, which provides the hand-crafted signal that drives appearance-
related value in the base simulator. The optional semantic extension then adds offline
CLIP text features on the observation side for agent learning, including a semantic vector

and a projected scalar score, while leaving both the underlying catalog space and the base
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simulator’s aesthetic signal unchanged.

Using one fixed vehicle catalog serves an important benchmark purpose. It keeps the
product space stable across compared agents, ensures that all methods face the same con-
figuration choices, and keeps the analysis focused on pricing and negotiation behaviour.

Within this benchmark, the E350 catalog is used as a realistic and controlled substrate.

4.1.2 Consumer priors and abstraction choices

The observable part of the consumer population is shaped by public statistics from the
United States. In our benchmark, age band and household stage are anchored in U.S.
census-style population summaries [28l], income band is further calibrated against re-
cent U.S. income reporting [29]], and primary use case is mapped from household travel-
purpose statistics [30]. By contrast, ownership stage is treated as an explicit benchmark-
level modeling assumption rather than as a field read directly from one public table.

This design gives the synthetic population a transparent empirical anchor while
avoiding private or individual-level consumer records that would be harder to reproduce.
The simulator is designed for population-level realism

Not all variables required by the simulator can be obtained directly from public
data. In particular, latent preference factors such as appearance-oriented taste, feature-
level preference weighting, and some behavioural tendencies must be represented through
simulator-defined proxies or latent variables. For example, the simulator includes an aes-
thetic proxy to capture appearance-related preference variation. This quantity serves as a
structured proxy for hidden preference.

These abstraction choices are deliberate. In this benchmark, proxy variables provide
a transparent and reproducible way to connect public population-level inputs with the

latent preference structure required by a POMDP-based negotiation environment.

4.2 Consumer simulator

Upon fixing the customization scope, the benchmark instantiates a consumer simulator to
represent heterogeneous buyers in a structured way. The simulator is built around a lay-
ered persona schema, which separates agent-visible profile descriptors from environment-
only behavioural parameters. On top of this schema, the benchmark defines configuration-
level value signals and a round-level willingness-to-pay process that together drive nego-

tiation behaviour during each episode.

4.2.1 Persona schema

The consumer simulator represents each buyer through a structured persona record rather
than through a free-form profile description. Each persona is defined by two comple-
mentary layers: observable fields, which are visible to the pricing agent, and hidden be-

havioural fields, which are used internally by the environment. This separation is not only
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a modeling convenience, but also a core requirement of the benchmark’s POMDP formu-
lation. Table 4.2) summarizes the main fields in each layer along with their generation
basis and visibility status.

The observable layer provides the coarse profile information that the agent is al-
lowed to condition on during negotiation. In our persona schema, these fields are age
band (18-25, 26-35, 36-50, 50+), income band (<60k, 60—100k, 100—180k, 180k+),
household stage (single, couple, family), ownership stage (first-time, replacement, addi-
tional), and primary use case (commute, family, luxury, performance, mixed). The un-
derlying priors are grounded in public U.S. demographic and travel data, with age and
household composition anchored in census-style summaries [28]], income calibration tied
to recent U.S. income reporting [29]], and use-case proportions mapped from household
travel-purpose statistics [30]. The ownership-stage field is kept visible because it is be-
haviourally important for negotiation, but its distribution is treated as a benchmark-level
modeling assumption rather than as a directly observed public-statistics variable. Impor-
tantly, these fields are not sampled independently. Instead, the simulator uses lightweight
conditional tables, for example sampling income, household stage, and ownership stage
conditioned on age band, and sampling primary use case conditioned on household stage.
This conditional structure keeps the overall persona distribution closer to plausible mar-
ket patterns and avoids obviously inconsistent combinations that would arise from naive
independent sampling. The full observable priors and conditional tables are reported in
Appendix

The hidden layer captures the latent factors that govern how a consumer interprets
the same bundle and the same price trajectory. In our simulator, these variables include
categorical traits such as decision style (analytic, balanced, expressive), tech-affinity band
(low, medium, high), and the consumer’s top two stated priorities drawn from price,
safety, comfort, performance, aesthetics, and technology. It also includes numeric pa-
rameters such as reservation-price base, price sensitivity, aesthetic sensitivity, patience,
counter strength, walk-away threshold, belief obscurity, brand loyalty, and impulsivity,
together with a normalized latent feature-preference weight vector over safety, comfort,
performance, technology, and aesthetics. These hidden terms are not directly observed
by the agent. Instead, they are generated from the observable profile through explicit
conditional mappings, numeric mixtures, and coupling rules. For example, decision style
and top priorities are conditioned on primary use case, tech affinity is conditioned on age
band, reservation-price base is conditioned on income band, and several numeric traits are
further adjusted by ownership stage, use case, and latent preference interactions. These
hidden traits are modeled as a structured latent layer that is behaviorally coherent and re-
producible. The hidden conditional tables and linked numeric rules are also summarized
in Appendix [B]

This layered schema preserves partial observability while keeping the joint consumer
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Table 4.2: Summary of the persona schema used in the consumer simulator. Observable
fields are grounded in public U.S. buyer priors, while hidden fields are derived through

conditional mapping and coupling rules.
Layer Fields Generation basis Visible
Observable Age band, income band, | Public-data-grounded U.S. buyer | Yes
profile household stage, ownership | priors with lightweight condi-
stage, primary use case tional tables to preserve plausible
cross-field dependencies
Hidden cate- | Decision style, tech-affinity | Conditional mappings from ob- | No
gories band, top two stated priorities | servable profile, especially age
band and primary use case
Hidden mone- | Reservation-price base, price | Income-conditioned  sampling | No
tary and sensi- | sensitivity, aesthetic sensitiv- | plus numeric mixtures and
tivity terms ity bounded adjustments
Hidden bar- | Patience, counter strength, | Numeric mixtures with addi- | No
gaining traits | walk-away threshold, belief | tional conditional shifts and cou-
obscurity, impulsivity pling rules
Hidden pref- | Brand loyalty and feature- | Template-based initialization | No
erence struc- | preference weight vector over | with conditional refinement from
ture safety, comfort, performance, | latent profile structure
technology, and aesthetics

distribution plausible enough for benchmark use. Observable fields provide the agent with
a coarse but interpretable view of the consumer, while hidden fields drive the bargaining
and valuation dynamics that must be inferred from interaction history. It also separates
stable persona attributes from session-level variables such as round-specific willingness

to pay or negotiation fatigue.

4.2.2 Persona generation and offline persona bank

In our benchmark, persona generation follows a two-stage pipeline. Figure @.1] summa-
rizes this pipeline and the resulting offline-bank workflow. First, the simulator samples
the observable profile from the public-data-grounded U.S. buyer priors described above.
This stage uses the conditional sampling order encoded in the observable distribution file:
age band is sampled first, after which income band, household stage, and ownership stage
are sampled conditionally on age band, and primary use case is sampled conditionally on
household stage. As a result, the generated personas follow a structured joint distribution
rather than a collection of independently drawn fields.

Second, the simulator generates the hidden profile conditioned on the sampled ob-
servable fields. Categorical hidden traits are drawn from explicit conditional mappings,
for example decision style and top-priority pairs given primary use case, and tech-affinity
band given age band. Numeric traits are then sampled from predefined mixtures and re-
fined through additional conditional shifts and coupling rules. In practice, this means that

income band influences reservation-price base, ownership stage can shift price sensitivity,
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Persona-generation pipeline and offline bank freeze
|

validation / test
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read at runtime
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Figure 4.1: Persona-generation pipeline from public observable priors to the frozen

offline persona bank. Observable fields are sampled first, hidden behavioural variables

are then mapped from them, and the resulting structured persona records are written
once and reused across benchmark splits at runtime.

patience, and walk-away tendency, and latent interactions further tie together quantities
such as price sensitivity, reservation value, counter strength, and walk-away threshold.
The feature-preference weight vector is built from use-case templates and then adjusted
by decision style and stated priorities before being normalized. This sequence produces
personas with behaviorally linked hidden parameters.

The resulting persona record is written in a structured schema with a stable identifier,
split tag, provenance tag, and explicit observable and hidden fields. A completed nego-
tiation can therefore be linked back to a concrete persona instance for later analysis by
profile segment, hidden-trait regime, or split membership.

For the benchmark itself, these personas are materialized into a fixed offline persona
bank before any training or evaluation begins. In our benchmark, the main bank contains
50,000 personas generated with a fixed seed and partitioned into train, validation, and
test subsets using a 70/15/15 split. The environment samples only from the selected split,
while each episode records the corresponding persona ID, persona source, and persona
split.

Freezing the persona bank decouples persona generation from downstream agent
training, keeps the evaluation population fixed across methods, and improves repro-
ducibility under stable split boundaries and persona identities. It also avoids repeated
large-scale online persona generation during training and evaluation, which keeps the
benchmark workflow lighter and more predictable.

Figure 4.2 gives a compact overview of the observable composition of the frozen
persona bank. The distribution is visibly structured, with greater concentration in mid-to-

higher income bands and replacement buyers, while the remaining observable fields also



4.2. CONSUMER SIMULATOR 34

retain broad coverage across the benchmark.
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Figure 4.2: Observable profile distributions in the frozen persona bank.

4.2.3 Configuration-level value signals

This subsection explains how a fixed customization bundle becomes inputs to the buyer-
side value model. The selected options are first converted into deterministic bundle-level
value signals. Some of these signals are visible to the pricing agent as bundle descriptors,
while others remain inside the simulator as structural summaries or persona-conditioned
quantities. The bundle itself stays fixed during an episode; what changes later is how the
current buyer values that bundle as the negotiation unfolds.

Agent-visible bundle descriptors. The first layer describes the selected bundle in
terms the pricing agent can use directly. For any bundle b, the simulator computes the
total MSRP delta,

Anisrp(b) = Y AMSRP;,
icb
which serves as the consumer-facing price anchor of the selected customization set.
The raw observation also includes the selected option keys, the benchmark-level
implementation-cost proxy introduced earlier in this chapter, and the base aesthetic proxy
derived from catalog-level appearance weights. These agent-visible descriptors can be

summarized as
dops(b) = (selected option keys, Avisrp(P), Cimpl (D), aproxy(b)),

where ciympi(b) is the seller-side implementation-cost proxy and aproxy(b) is the hand-

crafted appearance-oriented proxy score of the bundle. These descriptors tell the agent
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what was selected and summarize the bundle’s price and appearance signals, but they do
not reveal the buyer’s hidden feature preferences.

Simulator-internal bundle summaries. The second layer summarizes the selected
options as an internal functional profile. Instead of treating the bundle only as a list of
option keys, the simulator maps each selected option into one of five feature channels:
safety, comfort, performance, technology, and aesthetics. Each selected option is first

assigned an internal weight,
w; = max (300, AMSRP;),

so that zero-cost baseline options still contribute to the bundle representation. The simu-

lator then computes the share of the weighted bundle that belongs to each feature channel

& au(b) = Yich: c(i)=k Wi

Y jebWj
where c¢(i) denotes the feature category associated with option i. The base simulator also
computes an aesthetic proxy by averaging the catalog-level appearance weights of the
selected options. The internal bundle-summary vector is then formed by concatenating

this aesthetic proxy with the five normalized channel signals:

g<b> - (aproxy(b)7 gsafety(b)7 gcomfort(b)7 gperformance(b)a gtech<b)7 gaesthetics(b)>-

This vector is a simulator-internal summary of the bundle’s feature composition. It sup-
ports buyer-side value construction, but it is not exposed to the agent as a separate obser-
vation field.

Persona-conditioned internal signals. The final internal step combines the bun-
dle summary with hidden persona preferences. The simulator compares the bundle’s
feature-channel profile with the persona’s hidden feature-preference weights to form a
feature-match signal. It also retains the technology channel as a dedicated fechnology
signal. These signals explain why the same bundle can carry different value for different
personas. They are used inside the consumer value model and are not exposed to the
agent.

Overall, the staged decomposition separates what the configuration contains from
how a particular persona reacts to it. The agent-visible descriptors summarize selected
options, price scale, cost proxy, and base appearance signal. The internal feature vector
summarizes bundle composition, while the persona-conditioned signals connect that com-
position to hidden preferences. This keeps the value model interpretable while preserving
the POMDP information boundary.

The benchmark also includes an optional semantic extension based on offline

CLIP text semantics. This extension augments the agent-facing observation with a
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configuration-level semantic vector and a projected scalar score derived from the selected
options. These CLIP-based signals enrich the agent-visible bundle representation while
the base simulator continues to use the same catalog, bundle construction logic, and hand-
crafted aesthetic proxy.

Figure [4.3] summarizes this staged conversion from one fixed bundle to the value-
relevant signals used later in the simulator. It distinguishes the descriptors that can enter
the agent-facing observation from the internal summaries and persona-conditioned sig-
nals that remain inside the value model, while keeping the optional CLIP branch clearly

secondary to the base pipeline.

From a fixed customization bundle to value-relevant signals

agent-visible side simulator-internal side

Optional
e 5 A\ e _ A e N "
Fixed Bundle descriptors Internal semantic
configuration Summancs extension
bundle feature-channel composition offlinelGLIP derived

selected option keys (safety, comfort,

one selected option

per retained
customization
dimension

the bundle identity
remains fixed
throughout the

bundle MSRP delta
implementation-cost proxy
base aesthetic proxy

performance, technology,

aesthetics)
persona-conditioned feature
match,

technology signal

negotiation episode

these descriptors can
enter the observation

semantic features
for richer
observations

optional
observation-side
branch

A J
used inside Tater value
construction,
not exposed directly

Later value model input
bundle summaries feed the
later buyer-side valuation and
willingness-to-pay stage

Figure 4.3: Staged conversion from one fixed customization bundle to the signals used

later in buyer-side valuation. The figure separates agent-visible bundle descriptors from

simulator-internal summaries and shows the optional semantic extension only as a sec-
ondary observation-side branch.

4.2.4 Dynamic willingness to pay and buyer utility

After computing the bundle-level signals, the consumer simulator uses them together with
the current persona and round context to compute willingness to pay. This value, denoted
by WTP,, is not a fixed persona attribute: the same buyer and bundle can produce different

values as bargaining progresses. The model is decomposed as follows:

WTP; = Rpase + Veustom + Vaesthetic T Vorand-tech — Vfatigue +&.

This decomposition is intentionally interpretable. Each term corresponds to a conceptu-
ally different part of buyer-side valuation, and together they turn the static persona record
into a dynamic valuation process that evolves over the course of bargaining.

Baseline and customization value (Ry,s. and Vi ygom). The first two terms capture



4.2. CONSUMER SIMULATOR 37

the buyer’s general spending capacity and the perceived functional value of the current
bundle. In our simulator, the baseline term Ry, is anchored by the persona’s hidden
reservation-price base and rescaled by price sensitivity, so that more price-sensitive per-
sonas start from a lower effective valuation level. The customization term Vysiom repre-
sents how much additional value the buyer places on the selected customization features.
It is computed from the bundle’s total MSRP anchor and a fixed value-markup factor,
then adjusted by the persona-conditioned feature-match signal introduced in the previous
subsection. In other words, Vcysiom 15 higher when the bundle’s feature mix matches the
buyer’s hidden preferences.

Aesthetic and brand—technology value (Vesihetic and Virand-tech)- The next two
terms capture value that is not purely functional. The aesthetic term V,eghetic cCOmbines
the bundle’s handcrafted appearance proxy with the persona’s hidden aesthetic sensitivity,
so visually expressive bundles matter more for buyers who are more sensitive to appear-
ance. The brand—technology term Vjand-tech combines hidden brand loyalty with the bun-
dle’s technology signal and the persona’s tech-affinity band, allowing technology-heavy
bundles to matter more for technology-oriented buyers.

Fatigue and stochasticity (Vfyigue and &). The final two terms make the model
dynamic across rounds. The fatigue term Vfygue increases with round progression and is
modulated by the persona’s patience and impulsivity, so prolonged bargaining gradually
reduces effective willingness to pay for some consumers more than for others. The noise
term & introduces round-level uncertainty through zero-mean Gaussian variation, with
magnitude controlled by the persona’s belief obscurity. This keeps buyer responses from
becoming a fully deterministic threshold rule, while still preserving the same underlying
persona structure.

Once round-level willingness to pay has been computed, the simulator derives buyer

utility for a proposed transaction price p; as
b
U (pr) = WTP;: — .

This quantity provides the immediate buyer-side interpretation of the current offer. Posi-
tive utility means that the offered price is at or below the buyer’s current latent valuation,
whereas negative utility indicates that the offer exceeds what the buyer is willing to pay
in that round.

The negotiation backend uses this buyer utility as the main behavioral reference for
response generation. When buyer utility is non-negative, acceptance becomes more likely.
When utility is negative, the buyer may reject, walk away, or issue a counter-offer depend-
ing on the utility gap and additional hidden bargaining traits such as walk-away threshold
and counter strength. The simulator does not use willingness to pay as a direct response

rule; it first converts willingness to pay into buyer utility, and then uses that utility to guide
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the observable buyer response.

This links the consumer-side valuation model to the interaction environment: bundle
signals become round-level valuation, valuation becomes buyer utility, and buyer utility
shapes the response observed by the agent. The next section embeds these utility-driven

responses into the multi-round negotiation loop.

4.3 Negotiation environment

The negotiation environment is where the buyer persona and the pricing agent are brought
into direct interaction. It integrates the consumer-side components developed above into
a multi-round bargaining process, so that bundle descriptors, hidden buyer traits, and
dynamic willingness to pay are translated into observable negotiation behavior. This sec-
tion explains how one concrete negotiation episode is instantiated and evolves inside the
benchmark, including the bargaining flow, the persistent backend, and the realization of

terminal outcomes and traces.

4.3.1 Episode structure and bargaining flow

Operationally, each episode instantiates the task definition from Chapter (3| by resetting
the environment with one consumer persona and one customization bundle. The persona
is sampled from the selected split of the fixed offline persona bank, while the bundle
is sampled from the fixed vehicle catalog by selecting one option from each retained
customization dimension. After reset, the bundle remains fixed and only the bargaining
over price evolves. This keeps product variation controlled within the episode, while
buyer-side heterogeneity enters through hidden preferences, price sensitivity, patience,
and bargaining tendencies.

After persona and bundle selection, the environment creates one persistent bargain-
ing session and initializes the episode state. The round index is set to the first negotiation
round, the last-offer fields are empty, and the buyer-side latent variables remain internal to
the simulator. At this stage, the agent receives only the initial observation, which includes
the selected configuration, observable persona descriptors, and an empty negotiation his-
tory.

The within-episode interaction then proceeds round by round. At each step, the
environment first computes the current buyer-side willingness to pay from the persona,
the fixed bundle, and the current round context. The pricing agent then chooses one of
the valid negotiation moves: issue a new offer, accept the latest buyer counter-offer, or
walk away. When the move is an offer, the environment submits the quoted price into the
bargaining session and obtains a buyer response.

If the episode remains active after the current interaction, the negotiation state is
updated and the next round begins. The offer history, latest response, and any buyer

counter-offer are carried forward, so later actions are conditioned on what has already
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happened. In this way, one episode is realized as a persistent bargaining trajectory rather
than as a sequence of independent quotation decisions. The detailed terminal outcomes

and their realization are described in Section 4.3.3.

4.3.2 Persistent NegMAS bargaining backend

NegMAS [5] is used to maintain a persistent buyer—seller bargaining session through-
out each episode. This keeps offers, counter-offers, and responses inside one evolving
interaction, so later rounds remain connected to the earlier bargaining history.

Within this session, the seller acts through explicit offer actions, while the buyer
side is driven by the utility model defined in the previous subsection. At each round,
the environment updates the buyer’s current willingness to pay and hidden bargaining
parameters, then submits the seller’s offer into the continuing session. The simulated
buyer may accept, reject, end the negotiation, or propose a counter-offer. The backend
therefore turns the utility-driven consumer model into observable negotiation behaviour.

The backend also keeps the negotiation space focused and interpretable. Price is the
only issue under negotiation, and the admissible price range is bounded at episode ini-
tialization according to the selected bundle and the sampled buyer’s baseline reservation
context. This matches the benchmark scope: dynamic pricing over a fixed customized
package.

The persistent backend provides two practical benefits for the benchmark. It pre-
serves continuity across rounds, and it gives the interaction clear negotiation semantics:
the seller proposes prices explicitly, while the buyer responds through a structured utility-

driven bargaining mechanism.

4.3.3 Termination, reward realization, and trace logging

The environment distinguishes several concrete outcome types. A deal is reached when
the buyer accepts the seller’s current offer inside the bargaining session or when the seller
accepts the buyer’s latest counter-offer. No-deal outcomes arise when the seller walks
away, when the buyer ends the negotiation, or when the effective horizon is exhausted.
An invalid accept is treated as a recorded negotiation event rather than as a terminal
outcome, so the episode may continue.

The environment then turns these outcomes into recorded episode results. When
agreement is reached, it records the final transaction price and the realized deal profit,
computed as the agreed price minus the benchmark-level implementation-cost proxy of
the selected bundle. When no agreement is reached, the episode ends without realized deal
profit. The environment may also emit event-level signals for specific outcomes such as
invalid accept, rejection, counter, walk-away, or timeout. For cross-method comparison,
however, the benchmark follows the common task-level reward objective introduced in
Chapter [3} detailed negotiation events are resolved by the environment, while reported

comparison follows a consistent profit-oriented task definition.
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Termination is also governed by the benchmark horizon. The environment maintains
a global maximum number of rounds, but the effective episode length is further bounded
by the sampled buyer’s patience. As a result, timeout is not only a generic cutoff mecha-
nism; it is also one way in which buyer-specific tolerance for extended bargaining affects

the interaction outcome.

In addition to outcome realization, the environment records detailed traces for later
analysis. At each step, it stores a compact event record containing the round index, the
seller move, the offered price when applicable, the buyer response, any counter-offer, and
the termination cause when the episode closes. At the end of the episode, these step-level
events are aggregated into an episode trace and accompanied by summary metrics such
as whether a deal was reached, the final profit, the number of rounds used, and whether
the interaction ended in walk-away. These records are useful because they make the
negotiation process inspectable without changing the observation boundary seen by the

agent.

4.4 Benchmark protocol

Having defined the customization scope, the consumer simulator, and the negotiation en-
vironment, we now turn to the protocol used to evaluate pricing policies on top of this
environment. This section explains how the benchmark supports cross-method compari-
son, reproducible evaluation, and interpretable reporting. It clarifies how shared episode
streams are constructed, how the evaluation setting is controlled across methods, and how

economic performance and negotiation dynamics are reported.

4.4.1 Shared episode contract

Our benchmark uses a shared episode contract so that different methods are evaluated on
the same underlying population and the same episode stream. The persona bank is divided
into training, validation, and test splits, and these splits play distinct roles in the evaluation
protocol. Learning-based policies are trained on the training split, the validation split can
be used for model or setting selection where needed, and the test split is reserved for final
benchmark reporting. This follows the normal logic of experimental separation while

remaining compatible with both heuristic and learning-based policies.

Within one benchmark report, the same episodes means more than simply using the
same split. It means that compared policies are evaluated under the same persona-bank
split, the same episode-seed list, and the same environment setting. In consequence, they
face the same sampled buyer identities, and under the shared reset-seed protocol they also
face the same sampled customization bundles in the same order. The benchmark explicitly
verifies shared consumer identity through stable persona IDs, so that fairness is not left

as an informal assumption.
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This shared-episode design is important for reliable comparison. Without it, dif-
ferences in performance could partly reflect differences in sampled consumers rather than
genuine differences in pricing quality. By enforcing a common episode stream, the bench-
mark makes cross-method comparison easier to interpret.

Figure 4.4 summarizes this protocol logic. Frozen benchmark assets, shared episode
generation, and a common environment interface ensure that heuristic and learned policies
are compared under the same external contract, and that their episode-level outcomes are

aggregated through the same metrics.

Shared benchmark protocol:
frozen assets, shared episodes, common comparison

Frozen benchmark
assets
fixed catalog,
fixed persona bank,
shared split and
seed rules

Shared episode
generation

Shared environment
interface

same observation / action
reward / termination contract

J

same personas and bundles
reused across compared
policies

. Episode outcomes
Random / concession PPO Dreamer P
heuristic baseli model-free model-based df:;ifrrgo;?jial
euristic baselines learned agent o) D p . rou ]
walk-away, trace

aggregate over episodes

shared reported metrics only
profit, deal rate, walk-away rate, average rounds

[ Aggregate comparison metrics

Figure 4.4: Shared benchmark protocol linking frozen benchmark assets, shared
episode generation, a common environment interface, episode-level outcomes, and the
aggregate metrics used for cross-method comparison.

4.4.2 Reproducibility and evaluation control

Reproducibility is a core principle of the benchmark design. We freeze the persona bank
rather than relying on online resampling, so that the evaluated population remains stable
across repeated experiments and across different methods. The benchmark also fixes the
evaluation split, the global seed, and the episode count, allowing the same sequence of
negotiated episodes to be reconstructed when needed.

This control matters because the compared policies differ internally. Heuristic base-
lines, PPO-style agents, and Dreamer-style agents do not share the same training proce-
dure, but they must still be evaluated under the same external protocol. What matters
at the benchmark level is that they face the same episode stream, the same observation
boundary, and the same task objective. Evaluation control is therefore part of the compar-
ison design.

Benchmark records also preserve enough metadata for later inspection. Alongside
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aggregate results, the benchmark records the evaluation split, the seed, the compared poli-
cies, and whether the shared-consumer condition was verified across methods. This makes
the benchmark suitable not only for one-time reporting, but also for repeated analysis and

later extension.

4.4.3 Metrics and reporting

The benchmark uses average profit in USD as the primary metric because it aligns directly
with the seller’s objective in the task. Under this protocol, only successful deal episodes
contribute realized profit, while no-deal outcomes contribute zero profit. This makes
profit a natural summary of both pricing quality and the ability to close agreements under
negotiation.

Alongside profit, the benchmark reports several negotiation-dynamics metrics, in-
cluding deal rate, walk-away rate, and average rounds used. These secondary diagnostics
are useful because two policies with similar profit may still behave quite differently. One
policy may achieve profit through frequent agreements and moderate prices, while an-
other may reach similar profit with fewer deals, longer bargaining, or a higher walk-away
rate. These additional indicators make the benchmark more interpretable.

The reporting logic is intentionally two-layered: profit is treated as the primary task-
level outcome, while deal dynamics are treated as supporting diagnostics. This balance
matches the benchmark objective: to assess whether a pricing policy performs well eco-
nomically while remaining understandable through a small set of behaviorally meaningful

indicators.



Chapter 5
Pricing agents

This chapter turns to the pricing-agent side of the benchmark. Whereas the previous chap-
ter explained how the consumer simulator and negotiation environment are instantiated,
this chapter describes how different decision-making agents are developed and connected
to that same benchmark. The chapter considers three broad agent families: heuristic base-

lines, PPO-based agents, and DreamerV3-based agents.

5.1 Agent taxonomy and design goals

This section introduces the agent families evaluated in the benchmark and clarifies the
main design principles behind their comparison. It explains why the thesis considers
multiple types of pricing agents and why all of them must be studied against the same

fixed benchmark.

5.1.1 Why compare multiple agent families

Because the main contribution is a benchmark rather than a single final pricing policy,
multiple agent families need to be evaluated on the same task. A benchmark is only
informative when it can support comparison across methods with clearly different levels
of inductive bias and learning capacity. For this reason, the chapter includes non-learning
heuristic baselines, a model-free reinforcement-learning agent, and a model-based world-
model agent. Together, these methods provide a useful spread from simple rule-based
behaviour to learned history-dependent control.

This comparison is organized along two main dimensions. The first is heuristic
versus learning-based decision making: heuristic agents rely on fixed negotiation rules,
whereas learning-based agents improve their behaviour from interaction data. The second
is model-free versus model-based learning: PPO learns a pricing policy directly from ex-
perience without an explicit dynamics model, while DreamerV3 learns a latent model of
the negotiation process and optimizes behaviour through that learned representation. De-
spite these differences, all agents are evaluated against the same seller-side objective under
partial observability, namely profit-oriented sequential decision making in the POMDP
task defined in Chapter
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The spread of agent families makes the benchmark more informative. Random and
concession-style policies provide interpretable reference points and sanity checks, while
PPO and DreamerV3 test whether stronger learning methods can make better use of inter-
action history and latent structure. The benchmark is therefore not tied to one preferred
algorithmic paradigm; instead, it is designed to compare distinct agent classes under one

shared evaluation setting.

5.1.2 Separation between benchmark and agent

An important design principle is the separation between the benchmark environment and
the pricing agent. The consumer simulator, negotiation dynamics, action semantics, and
task-level objective are fixed independently of any particular pricing method. Heuristic,
PPO-based, and DreamerV3-based agents therefore operate on the same benchmark.

This separation keeps the role of the agent clear: different methods vary only in how
they make pricing decisions from the available observations and interaction history. As
discussed in Chapter [ shared evaluation conditions are essential for fair comparison.
Here, the same principle is applied at the agent interface level: different agent families
are connected to one common task definition.

To support this shared comparison, the benchmark provides a standardized Gymna-
sium [31] agent-facing interface. The wrapper keeps the negotiation logic inside the un-
derlying environment, but converts observations into fixed-size normalized vectors, maps
learning-agent actions back into benchmark move and price semantics, and exposes the
standard reset/step interaction pattern. This allows PPO- and Dreamer-based agents to

use the same negotiation environment without changing the benchmark task definition.

5.2 Heuristic baselines

Heuristic baselines are agents that follow fixed decision rules rather than learning from
interaction data. They are training-free and provide interpretable reference points for eval-
uating stronger learning-based methods. Our benchmark includes two heuristic baselines:
a random policy and a concession-style policy. Together, they serve different purposes.
The random policy acts as a minimal sanity baseline, while the concession policy provides
a more meaningful non-learning bargaining strategy against which learned agents can be

compared.

5.2.1 Random policy

The random policy behaves in accordance with its name: it samples actions directly from
simple stochastic rules over the benchmark action space. In most steps, it generates a
random offer within the admissible offer range; when a buyer counter-offer is available, it
occasionally accepts that counter-offer, and it also retains a small probability of walking
away. It therefore does not attempt to model buyer behaviour, negotiation history, or

future consequences in any structured way.
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The random policy serves as a sanity-check baseline and lower-bound reference
point. Stronger agents are expected to outperform it if they are using useful structure

from buyer responses, negotiation history, or future consequences.

5.2.2 Concession policy

The concession policy is a rule-based bargaining agent that starts from a relatively high
target price and gradually moves toward a lower floor as the episode progresses. This
makes later-round offers more accommodating than early-round offers. When a buyer
counter-offer is present, the policy also uses that counter-offer to revise its next proposal
instead of treating each round as an isolated quotation step.

This baseline is more informative than the random policy because it captures a rec-
ognizable bargaining heuristic. It reflects the idea that sellers may begin with higher
margins and then move toward agreement as the deadline approaches. The concession
policy also contains a simple late-round acceptance rule when the buyer’s counter-offer
remains above the policy’s floor. It therefore serves as the strongest non-learning baseline
in the benchmark: it remains hand-crafted, but already uses the multi-round structure of
the task.

5.3 PPO pricing agent
PPO (Proximal Policy Optimization) [23]] is the model-free reinforcement-learning base-

line used in the benchmark. The PPO agent learns negotiation behaviour directly from

interaction experience without building an explicit model of environment dynamics.

5.3.1 Learning interface

The PPO agent does not interact with the raw simulator directly. Instead, it uses a PPO-
facing environment adapter built on top of the common negotiation wrapper. The adapter
keeps the underlying benchmark dynamics unchanged, but presents the task in a stable
learning format. PPO therefore receives the same observable persona descriptors, bundle-
level signals, and negotiation-history information defined by the benchmark observation
contract, while the hidden buyer state remains unobserved.

On the action side, PPO uses a MultiDiscrete action space with shape [3,301]. The
first action component selects the negotiation move, namely offer, accept, or walkaway.
The second component selects a price-delta bin. In the benchmark setting considered
here, the price-bin count is 301, with a step size of 20 USD between adjacent bins. The
center bin corresponds to zero adjustment, while bins on either side represent positive or
negative changes relative to a rolling reference price.

This reference price is not fixed for the whole episode. At reset, it is initialized
from a bundle-scale price anchor, and during negotiation it is updated according to the

latest available bargaining information, in particular the buyer’s latest counter-offer or the
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agent’s latest quoted offer. The discrete action therefore remains tied to the current ne-
gotiation context rather than to a static global price grid. Although only offer requires
an explicit price choice, the benchmark uses one unified fixed-size action interface for
all three move types. The price-bin component is ignored when the selected move is ac-
cept or walkaway, which keeps the PPO interface fixed-size while preserving the pricing

semantics of the benchmark.

5.3.2 Recurrent policy and PPO optimization

In this benchmark, the PPO baseline is implemented with RecurrentPPO using an
MIpLstmPolicy. The recurrent architecture is important because the negotiation process
is both partially observable and multi-round. At any given step, the agent observes only
the current benchmark observation, not the buyer’s hidden state or full future response
model, so the LSTM provides a compact memory mechanism for integrating previous
offers, responses, and counters when making the next decision.

PPO learns a policy over the discrete negotiation actions while also learning a value
estimate for expected return. It is therefore a history-aware but model-free baseline: it
can use temporal interaction structure through recurrence, but it does not learn an explicit
transition model of the negotiation environment. This makes it a useful reference point
for testing how far experience-driven policy optimization can go under the benchmark
observation boundary.

Across PPO variants, the optimization setup is kept shared for reproducibility. PPO
is optimized to maximize expected seller-side return under the profit-oriented reward,
making it the principal model-free learning baseline for negotiation under partial observ-

ability.
5.3.3 Reward setting

For the main benchmark comparison, PPO uses a pure-profit reward setting. Additional
penalties for no-deal outcomes, low-profit deals, and invalid accepts are set to zero, so the

PPO learning reward reduces to a sparse terminal signal:

profit, . : : .

——— if the episode terminates with a deal
/PO _ ) 1000 P ’

0, otherwise.

Here, profit, is the realized deal profit in USD, and the divisor 1000 is a fixed nor-
malization constant used for numerical scaling. This reward aligns PPO training with
the seller-side objective defined in Chapter 3} profitable agreement is rewarded, while all
non-deal or non-terminal steps receive zero reward.

This keeps PPO as a model-free baseline under the benchmark’s sparse profit-
oriented objective. Richer auxiliary shaping is treated later as an ablation rather than
as the default PPO setting.
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5.4 DreamerV3 pricing agent

DreamerV3 [26] provides the model-based reinforcement-learning baseline in the bench-
mark. It learns a latent dynamics model of the negotiation process and uses that model
to optimize behaviour through imagined rollouts. This makes it the main model-based

counterpart to the heuristic baselines and the PPO-based model-free agent.

5.4.1 Learning interface

DreamerV3 is connected to the benchmark through a Dreamer-specific adapter built on
top of the same Gymnasium-compatible interface family used by PPO. The adapter keeps
the benchmark observation contract intact: Dreamer receives the same agent-visible per-
sona descriptors, bundle-level signals, and negotiation-history information as the other
learning-based agents. The difference is in the interface format required by the world-
model pipeline, not in the underlying negotiation task.

On the action side, the Dreamer adapter maps the same move-plus-price-bin struc-
ture used by PPO into one flat discrete action space. Concretely, the PPO tuple action
(move,delta bin) is flattened through a deterministic codec into a single Discrete(903)
action index, corresponding to 3 x 301 action combinations. This format matches the
Dreamer implementation while preserving the benchmark’s negotiation moves and price-

bin granularity.

5.4.2 Latent dynamics and policy optimization

Partial observability and multi-round bargaining make latent dynamics modeling a natural
direction to evaluate in this benchmark. Unlike PPO, which optimizes a recurrent policy
directly from interaction histories, Dreamer learns an internal latent representation of the
negotiation dynamics and improves behaviour through imagined rollouts in that latent
space. This makes it a suitable model-based baseline for studying whether world-model-
style learning can make better use of the benchmark’s sequential structure.

The learned representation should be read as an agent-side control state. It combines
latent dynamics, actor, and value components that together support decision making under
partial observability. The model is not designed to expose symbolic estimates of quantities
such as the buyer’s exact reservation price or true sensitivity parameters. Instead, its
latent state compresses the observable negotiation history into a representation useful for
predicting consequences and selecting actions.

This role is closely aligned with the benchmark setting. The negotiation task is
sequential, partially observable, and strongly history-dependent: the agent must act under
latent buyer state, while each response reveals only incomplete information about the
underlying bargaining situation. A world-model baseline gives the agent a structured
way to organize this partial history before action selection. It also tests whether explicit

latent-dynamics learning can exploit the benchmark’s hidden-state structure beyond what
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a recurrent model-free policy can achieve.

From the benchmark perspective, DreamerV3 plays a complementary role to PPO.
PPO tests how far a recurrent model-free learner can go using history-dependent policy
optimization, whereas Dreamer tests whether a learned latent model of negotiation dy-
namics offers additional value under the same observation boundary and action semantics.

It is used here as the benchmark’s principal model-based learning baseline.

5.4.3 Reward setting

DreamerV3 uses the same sparse profit-oriented reward as PPO in the main benchmark

comparison:
profit, . . . .
if the episode terminates with a deal
rPreamer — 1000 ) p )
0, otherwise.

This reward gives Dreamer the same seller-side objective used by the other learning
baseline: profitable agreement produces positive terminal reward, while no-deal and non-
terminal steps receive zero reward. Within DreamerV3, this signal is used to train the
world model, value function, and actor through the standard latent rollout objective.

Using the same reward definition keeps the PPO-Dreamer comparison focused on
the learning mechanism rather than reward design. PPO optimizes a recurrent model-
free policy, while Dreamer optimizes behaviour through a learned latent dynamics model.
Additional Dreamer reward variants are treated later as ablations rather than as the default

benchmark setting.

5.5 Modular extensions

Beyond the base comparison among heuristic, PPO-based, and DreamerV3-based agents,
the benchmark also includes two optional extensions. These extensions keep the same
consumer simulator, negotiation mechanics, and task objective, but add extra agent-side
mechanisms for studying richer observation and decision-time adaptation. The two exten-
sion directions considered here are CLIP-based semantic observation augmentation and

inference-time adaptation.

5.5.1 Extension philosophy
The extensions are designed to be modular. The base benchmark remains the primary
comparison setting, and each extension can be enabled or removed without changing
the task definition, the consumer simulator, or the negotiation protocol. This makes it
possible to study the effect of each added mechanism while keeping the underlying pricing
problem fixed.

This separation also helps interpretation. If an extension improves performance, the

improvement can be attributed to the added semantic signal or decision-time adaptation
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layer, rather than to a different environment or reward definition. The extensions are
therefore treated as controlled add-ons to the base benchmark, not as separate benchmark

tasks.

5.5.2 CLIP semantic observation extension

Because aesthetic preference is one of the latent buyer dimensions in the simulator, the
benchmark also tests whether richer semantic descriptions of customization options can
help pricing agents. The optional CLIP [32] extension is built offline from text-only
prompts rather than image inputs. Each catalog option receives a CLIP-derived semantic
embedding, and the embeddings of the selected options are aggregated into configuration-
level semantic features.

These semantic features are added only to the agent-visible observation space. They
provide an additional representation of the selected bundle, while the consumer value
model, negotiation mechanics, and hand-crafted aesthetic prior remain unchanged. CLIP
is therefore used as an observation-side augmentation module for the pricing agents, not

as a replacement for the benchmark’s base appearance proxy.

5.5.3 Inference-time adaptation

In addition to CLIP, we include an inference-time adaptation module inspired by the
broader idea of test-time adaptation [33]. The module is implemented as a training-
free decision-time layer on top of an already trained Dreamer policy. At each step, the
Dreamer backbone first proposes a raw action. The adaptation layer then reads the cur-
rent observable negotiation context, including recent offer and counter-offer history, round
progression, and response signals. These observations are used to maintain a compact per-
episode belief state over quantities such as an estimated acceptable price ceiling, counter
aggressiveness, and walk-away risk.

The adaptation layer uses bounded candidate reranking. Starting from the raw
Dreamer action, it constructs a small local candidate set, mainly consisting of nearby offer
prices and, when supported by the current negotiation state, possible accept or walkaway
actions. These candidates are then re-ranked using proximity to the raw policy choice,
seller-side margin preference, observable deal feasibility, and rejection risk. In the final
TTA v2 setting used for the benchmark, this mechanism acts primarily as a selective offer-
side correction layer. The final selected action is executed in the same fixed environment.
Policy parameters, hidden buyer variables, and environment dynamics remain unchanged,
so the module tests whether lightweight agent-side inference can improve decision quality

under the same benchmark task.



Chapter 6

Experiments

This chapter presents the experimental evaluation of the benchmark. It compares differ-
ent pricing agents under one shared protocol, reports both core benchmark results and
extension analysis, and then interprets what these results suggest about the benchmark

setting.

6.1 Experimental setting and protocol

The experiments reported in this chapter follow the benchmark protocol defined in Chap-
ter 4] and the agent implementations described in Chapter [5] All methods are evaluated
on the same fixed benchmark setting, including the shared test split of the frozen persona
bank, the same episode stream under controlled seeds, and the same profit-oriented task
objective. The compared methods include the two heuristic baselines, the PPO-based vari-
ants, and the DreamerV3-based variants together with selected extensions. This keeps the
comparison aligned across agent families while avoiding a full restatement of the bench-

mark and method design.

Fairness is enforced through shared evaluation controls rather than through method-
specific adjustment. All benchmark comparisons in this chapter use the same test split,
the same episode count, and the same seed-driven episode stream. Each reported bench-
mark table is based on 5000 test episodes, and the benchmark uses the same-consumer
protocol described earlier in the thesis so that compared policies are evaluated on the same

underlying population rather than on independently drifting samples.

The learning-based agents are reported under one fixed training budget per family.
PPO is trained for 600,000 interaction steps, while DreamerV3 is trained for 2,000,000
steps under one fixed world-model preset. These settings define the retained benchmark
comparison rather than an exhaustive search for the strongest possible checkpoint in each
family. PPO and Dreamer do not share the same optimization dynamics, so identical train-
ing budgets would not by themselves guarantee a more meaningful comparison. What

matters here is that each family is evaluated under one consistent and explicitly reported
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training regime, using the latest checkpoint produced by that setup. Table summa-

rizes these settings for reference rather than as the outcome of a separate hyperparameter

search.

Table 6.1: Common training settings for the reported learning-based agents.
Component PPO family DreamerV3 family
Training split train train
Validation split val val
Benchmark split test test
Total training budget 600,000 steps 2,000,000 steps
Action discretization 301 bins, 20 USD step 301 bins, 20 USD step
Price markup at reset 1.4 1.4
Parallel environments 4 1
Batch setting batch size 512, rollout 256  batch size 8, sequence length 32
Learning rate / train ratio 2 x 10~* train ratio 48
Discount setting y=0.99, 1 =0.95 world-model preset size4dm
Checkpoint/report basis  fixed ablation config fixed ablation config

Some entries in Table [6.1] require brief clarification. The price markup at reset de-
notes the multiplier applied to the bundle-scale price anchor when the initial offer refer-
ence is constructed at the start of an episode, so that the initial bargaining scale is aligned
across methods. The number of parallel environments refers to rollout-collection concur-
rency during training. For PPO, the discount setting reports the standard return-discount
and advantage-estimation parameters used during policy optimization. For DreamerV3,
train ratio indicates the amount of world-model and policy updating performed relative
to environment interaction, while size4m refers to the fixed model-capacity preset used in

the reported runs.

6.2 Evaluation metrics

As defined in Chapter ] the benchmark is evaluated primarily by average profit in USD,
because this metric aligns directly with the seller-side objective of the task. The ex-
periments also report deal rate, walk-away rate, and average rounds used. Together, these
metrics help explain whether a method reaches its profit level through frequent agreement,
stronger margin preservation, or different bargaining length under the same negotiation

protocol.
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6.3 Main benchmark results

Table [6.2] summarizes the main cross-method comparison under the shared benchmark
protocol. To keep the core comparison focused, this table includes the two heuristic refer-
ences together with one representative PPO variant and one representative Dreamer vari-
ant. The learned variants shown here are PPO + CLIP and Dreamer + CLIP, which serve
as the retained base learned variants under the shared pure-profit setting. They are com-
pared under the same benchmark protocol, the same evaluation split and episode stream,
and one fixed training setup for each agent family. Inference-time adaptation is treated
separately as an optional extension, and later sections also examine reward-setting and

module-level extensions in a more detailed ablation analysis.

Table 6.2: Core benchmark comparison on the test split under the shared thesis protocol
(5000 episodes, same-consumer evaluation).

Avg Profit pDeal Rate Walkaway Rate

Method (USD) 1 T + Avg Rounds
Random 6058.8570 0.5796 0.4204 1.3208
Concession 14725.4262 0.7244 0.2756 1.7196
PPO + CLIP [23]] 11972.5010 0.8212 0.1788 2.3572
Dreamer + CLIP [26] 12286.3688 0.8664 0.1336 1.6010

At a high level, the table shows that the benchmark is neither trivial nor dominated
by a single weak baseline. The random policy remains clearly inferior to all stronger
methods, while the concession baseline still achieves the highest average profit. The
benchmark therefore remains challenging for the learned agents and still leaves room for
stronger pricing policies.

From a training perspective, PPO was comparatively easier to stabilize than Dreamer,
while the Dreamer side remained more sensitive to training budget and configuration de-
tails. The table should therefore be read as the benchmark outcome under one retained
comparison setting, not as evidence that training convergence is fully resolved across

agent families.

6.4 Quantitative analysis
6.4.1 Profit and deal rate

The most immediate pattern in Table [6.2]is that profit and deal rate do not move together
in a simple way in this benchmark. The concession baseline achieves the highest aver-
age profit, at 14725.4262 USD, while Dreamer + CLIP achieves the highest deal rate, at
0.8664. PPO + CLIP lies between these two extremes: it closes substantially more deals
than the heuristics, but it does not match the strongest profit result.

This separation clarifies what the benchmark is actually testing. Figure shows



6.4. QUANTITATIVE ANALYSIS 53

Agreement-profit trade-off in the benchmark
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Figure 6.1: Agreement-profit trade-off in the main bank50k benchmark comparison
across the four core methods. The figure shows that concession achieves the strongest
average profit without the highest deal rate, while Dreamer + CLIP reaches more agree-
ments without matching concession on profit. Agreement frequency and seller-side re-
turn therefore do not move together in a simple one-to-one way in this benchmark.

the same pattern visually: higher agreement does not automatically imply higher seller-
side return. The methods appear to trade agreement and margin in different ways. In
other words, the benchmark distinguishes between closing deals and closing profitable
deals, rather than collapsing both behaviours into a single success signal. The behavioural

meaning of this trade-off is examined next.

6.4.2 Negotiation styles

The main methods also differ in how they appear to use the negotiation process itself. The
random policy terminates very quickly, with only 1.3208 rounds on average, and also has
by far the highest walk-away rate, at 0.4204. This is consistent with its role as a sanity
baseline: it does not exploit interaction history in any structured way, so many episodes
end early without productive bargaining. The concession policy shows a different pattern.
It achieves the highest average profit, but not the highest deal rate, which suggests a
bargaining style that preserves seller-side margin while still maintaining a credible path
to agreement.

The two learned agents occupy a different part of the trade-off space. PPO + CLIP
reaches a higher deal rate than the heuristic baselines, but it also uses the largest number
of rounds, at 2.3572, suggesting that it remains in negotiation longer before resolution.
Dreamer + CLIP, by contrast, combines the highest deal rate, at 0.8664, with the lowest
walk-away rate, at 0.1336, while still terminating in fewer rounds than PPO. This points
to a more agreement-oriented style: Dreamer converts more negotiations into deals, but it

does not preserve the same seller-side margin as the concession policy. The benchmark
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horizon is only five rounds, yet all methods terminate well before exhausting it on average.
The challenge is therefore not to sustain long bargaining, but to use a small number of
rounds to infer buyer behaviour, decide how aggressively to price, and balance agreement

against margin.

6.4.3 What the main results imply

Taken together, the main results show that the benchmark remains competitive for both
heuristic and learned methods. The random baseline stays clearly inferior, which is the
expected sanity outcome, but the stronger heuristic baseline remains highly competi-
tive. In particular, the concession policy still achieves the highest average profit even
when compared against the strongest retained base learned variants. This is an important
benchmark-level finding. It shows that the task is not solved merely by introducing a
recurrent policy or a world-model agent. Meaningful performance still depends on how
well a method uses limited interaction to preserve margin while maintaining a credible

path to agreement.

The results also suggest that the hardest part of the benchmark is not simply deciding
whether to continue bargaining, but using a small number of rounds to infer hidden buyer
characteristics and adapt price accordingly. A stronger seller policy would use early inter-
action to estimate reservation-price level, price sensitivity, and bargaining tendency, and
then translate that information into more targeted pricing later in the episode. The cur-
rent learned agents do not yet exhibit this behaviour in a fully convincing way. Dreamer
+ CLIP closes more deals, but it does not overtake concession on profit; PPO + CLIP
improves over the weaker baselines, but it still uses relatively many rounds without turn-
ing that additional interaction into the best return. This gap between agreement-seeking
behaviour and profit-maximizing behaviour is precisely what makes the benchmark infor-
mative. It indicates that the task is sensitive to hidden-state inference, finite-horizon rea-
soning, and sparse seller-side reward, rather than rewarding simple agreement frequency

alone.

6.5 Extension analysis

6.5.1 CLIP effect

Table [6.3] isolates the CLIP comparison within each learning-based family by compar-
ing the base variant against its CLIP-augmented counterpart. In this benchmark, CLIP
acts as an observation-side extension: it augments the agent-visible bundle description
with offline semantic features derived from the selected options, without changing the

task definition or the consumer simulator. A fuller description of the module is given in
Section
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Table 6.3: CLIP ablation within the two learning-based agent families under the shared
benchmark protocol.

Avg Profit Deal Rate Walkaway Rate
Variant (USD) 1 1T 1 Avg Rounds
PPO Base 11601.1730 0.8004 0.1996 2.5442
PPO + CLIP 11972.5010 (+371.3280)  0.8212 (+0.0208)  0.1788 (-0.0208)  2.3572 (-0.1870)
Dreamer Base 8318.7230 0.5730 0.4270 3.7310

Dreamer + CLIP  12286.3688 (+3967.6458)  0.8664 (+0.2934)  0.1336 (-0.2934)  1.6010 (-2.1300)

The CLIP extension has different effects across the two learning-based agent fami-
lies. For PPO, adding CLIP produces a modest improvement in profit, increasing average
profit by 371.3280 USD together with a higher deal rate and a lower walk-away rate.
For Dreamer, however, the improvement is substantially larger: the move from the base
Dreamer variant to Dreamer + CLIP increases average profit by 3967.6458 USD and also
produces a much higher deal rate and a lower walk-away rate. This pattern suggests that
richer semantic signals can benefit both learning-based agents in the benchmark, but that
the effect is much stronger for the model-based agent than for the recurrent model-free
baseline.

The contrast is informative at the benchmark level. PPO [23]] already has access to
the same interaction history and improves slightly when the observation is enriched, but
the gain remains limited. Dreamer [26], by contrast, starts from a much weaker base result
and then improves sharply once the same semantic augmentation is added. One reason-
able interpretation is that the base Dreamer observation is still too coarse for the world
model to organize bundle-level value differences effectively, so the learned latent dynam-
ics do not yet translate into strong pricing behaviour. When CLIP features are added,
the bundle representation becomes more informative, and the world-model agent appears
better able to connect interaction history with the semantic structure of the configuration
under negotiation. In this sense, the CLIP result is not only an extension result; it also
shows that the benchmark is sensitive to observation quality and representation richness.

Taken together, the CLIP result is best read as an extension-side representation check.
It shows that the benchmark responds to the quality of agent-visible bundle representation,

especially for the model-based agent, without changing the underlying task itself.

6.5.2 Inference-time adaptation effect

We also examine whether inference-time adaptation (TTA) can further improve Dreamer’s
performance once the policy already uses CLIP-augmented observations. Here, TTA 1is
a training-free bounded candidate-reranking layer applied at decision time, using only
observable negotiation signals from the current episode. A fuller description of the mod-
ule is given in Section [5.5.3] Table [6.4] reports a paired comparison under the strongest
retained Dreamer + CLIP reward profile, namely the soft-shortfall setting. This reward
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profile is defined in detail later in the Dreamer reward-design analysis. Both rows use the
same CLIP-enabled observation extension, the same benchmark protocol, the same back-
bone checkpoint, and the same soft-shortfall reward profile. The only intended difference

is whether the inference-time reranking module is enabled.

Table 6.4: Dreamer-side inference-time adaptation comparison under the CLIP + soft-
shortfall setting.

Avg Profit Deal Rate Walkaway Rate
Case (USD) 1 T + Avg Rounds
(1) 12616.0280 0.9106 0.0894 1.2864

2) 12906.3440 (+290.3160) 0.9404 (+0.0298)  0.0596 (-0.0298) 1.1500 (-0.1364)

Case (1): Dreamer + CLIP + soft shortfall. Case (2): Dreamer + CLIP + soft shortfall + TTA.

Under this paired comparison, TTA improves all four reported metrics. Average
profit increases by 290.3160 USD, deal rate rises by 0.0298, walk-away rate falls by
0.0298, and average rounds decrease by 0.1364.

This pattern matches the role of the module. The TTA mechanism is a training-free
inference-time reranking layer over a small local action set, using only observable nego-
tiation signals rather than hidden persona state or online parameter updates. In the bench-
mark report, only about 3% of prediction steps are actually changed, and the recorded
overrides are offer-side corrections rather than broad policy replacement. The gain there-
fore appears to come from a small number of locally improved pricing decisions that
matter for agreement and margin.

Overall, the TTA result is best read as an extension-side inference refinement. It
shows that a lightweight agent-side adaptation layer can improve decision quality un-
der the same benchmark setting while leaving the underlying benchmark definition un-

changed.

6.6 Reward-design analysis

6.6.1 PPO reward-design ablation

We also conduct a reward-design ablation for the PPO family under the CLIP-enabled
setting. In this study, the PPO optimization setup is kept fixed while only the reward
profile is changed, so the resulting differences can be interpreted as sensitivity to reward
design rather than to broader training changes. The baseline in this comparison is the
profit-only PPO setting, while v/—v3 denote three alternative shaped reward profiles built
on the same CLIP-enabled PPO setup.

Across these PPO variants, the same shaped reward template is used, while only the
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parameter values change:

( profit . . . .
Fﬁ + I[profit, < 7] - Ajow, if the episode terminates with a deal,
Anodeal if the episode terminates without a deal
and the no-deal condition is active,
/PPO _
0 =
Ainvalid, if an invalid accept occurs,
Astep, if a step no-deal penalty is active,
0, otherwise,

\

where 7 is the profit target, Ajoy is the low-profit penalty, A,odeal iS the terminal no-deal
penalty, Ainvariq is the invalid-accept penalty, and Agep is the optional step no-deal penalty
applied on intermediate non-terminal steps. Table[6.5]then specifies how these parameters

are instantiated in the profit-only baseline and in the three shaped variants.

Table 6.5: Reward settings for the PPO reward-design ablation. The baseline is the
profit-only PPO setting, and v/—v3 are shaped reward profiles under the same CLIP-

enabled PPO setup.
No-deal Target Low-profit Pos. margin Invalid Step no-deal Start
Variant pen.  (USD) pen. req. accept pen. round
Profit-Only 0.00 0 0.00 true  0.00 0.00 -
vl -0.30 12000 -0.20 false  0.00 -0.30 3
v2 -0.35 12000 -0.15 false ~ 0.00 -0.35 3
v3 -0.25 12000 -0.08 false ~ 0.00 -0.25 3

Table 6.6: Results of the PPO reward-design ablation on the shared bank50k test pro-
tocol. The baseline corresponds to the profit-only PPO setting, while v/—v3 denote
alternative shaped reward profiles.

Avg Profit Deal Rate Walkaway
Variant (USD) 1 0 d Rounds
Profit-Only 11972.501 0.8212 0.1788 2.3572
vl 12244.415 (+271.914) 0.8428 (+0.0216) 0.1572 (-0.0216) 2.1574 (-0.1998)
v2 12197.840 (+225.339) 0.8406 (+0.0194) 0.1594 -0.0194) 2.1254 (-0.2318)
v3 12002.194 (+29.693) 0.8238 (+0.0026) 0.1762 (-0.0026) 2.3286 (-0.0286)

The reward fields in Table [6.5] shape PPO’s learning signal in different ways. The
no-deal penalty discourages unsuccessful terminal outcomes. The profit target and low-

profit penalty determine whether a completed deal is rewarded as sufficiently profitable or
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penalized as too weak. The positive-margin requirement controls whether no-deal penal-
ties are applied only when a positive-margin agreement was still observably feasible. The
invalid-accept penalty discourages accepting without a valid buyer counter-offer, while
the step no-deal penalty and its start round add delay-related pressure once bargaining

continues into later rounds.

Against this background, the profit-only baseline is the cleanest task-aligned variant:
it removes all additional shaping and leaves PPO to learn only from terminal profit. By
contrast, v/ and v2 both add explicit no-deal and low-profit penalties together with round-
dependent delay pressure, making the learning signal more strongly agreement-oriented
than the baseline. Between them, v2 applies the strongest no-deal penalty, whereas v/
combines slightly milder no-deal pressure with a stronger low-profit penalty. v3 is the
mildest shaped profile, retaining the same overall structure but reducing the penalty mag-

nitudes.

The result table shows that PPO is sensitive to reward design even when the rest
of the training setup is held constant. Among the tested profiles, reward vl achieves
the highest average profit, with reward v2 remaining close behind and reward v3 still
improving slightly over the profit-only baseline. The gains are therefore real, but they are
not monotonic in penalty size: the most aggressive profile is not the best-performing one,
and the mildest profile yields only a small improvement. This is consistent with PPO’s
role as a model-free learner whose behavior depends directly on the reward signal used

during training.

The pattern suggests that some forms of shaping are better aligned with the task than
others. The pure-profit baseline remains the cleanest task-level definition, but moder-
ate shaping helps PPO by discouraging clearly unproductive no-deal outcomes and low-
quality agreements. At the same time, the benchmark does not reward arbitrary extra
penalties. In this sweep, shaping works best when it stays close to the underlying seller
objective while adding just enough structure to help the policy distinguish profitable res-

olution from unproductive bargaining.

6.6.2 Dreamer reward-design ablation

We also examine Dreamer reward sensitivity under the CLIP-enabled setting. Here the
base comparison uses the same pure-profit objective described earlier, while the ablation
introduces two alternative Dreamer-side reward variants: one with a late step no-deal

penalty and one with a soft shortfall penalty on low-profit deals.

Across these Dreamer variants, the same profit-oriented reward template is retained,
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while the shaping terms are changed:

(PR lprofi, < 2] Ay — - WX PIO) )
Dreamer _ Anodeals (ii),

Astep + Ainvalid; (iii),

0, otherwise.

\

Here, case (1) applies when the episode ends with a deal, case (i1) when the episode ends
without a deal and the no-deal penalty condition is active, and case (iii) on non-terminal
steps where a late step penalty or an invalid-accept penalty is active. The remaining case
corresponds to zero reward. In the notation above, 7 is the profit target, Ao is a discrete
penalty for deals that fall below that target, and f is the coefficient of the continuous
soft-shortfall penalty, which grows as realized profit falls further below the target. The
remaining terms are A ogea for unsuccessful terminal outcomes, lstep for negotiations that
continue into later rounds, and Ai,yaiq for invalid accept actions. Table then shows

how these terms are instantiated in the pure-profit baseline and in the two shaped variants.

Table 6.7: Reward settings for the Dreamer reward-design ablation. All variants use
CLIP-enabled observations and no TTA.

No-deal Yarget Low-profit Soft shortfall Step no-deal Start Pos. margin Invalid

Variant pen. (USD) pen. coeff. pen. round req. accept
Pure profit 0.00 0 0.00 0.00 0.00 - true  0.00
Late penalty -0.10 0 0.00 0.00 -0.02 4 false  0.00
Soft shortfall -0.10 12000 0.00 0.10 0.00 4 false  0.00

Table 6.8: Results of the Dreamer reward-design ablation on the shared bank50k test
protocol. The baseline corresponds to the pure-profit Dreamer + CLIP setting.

Avg Profit Deal Rate Walkaway
Variant (USD) 1 T N Rounds
Pure profit 12286.369 0.8664 0.1336 1.6010

Late penalty  9705.080 (-2581.289)  0.6690 (-0.1974) 0.3310 (+0.1974)  2.5980 (+0.9970)
Soft shortfall 12616.028 (+329.659) 0.9106 (+0.0442) 0.0894 (-0.0442) 1.2864 (-0.3146)

The contrast between these two variants is informative. The late-penalty variant un-
derperforms the pure-profit baseline by a large margin, with a lower deal rate, a higher
walk-away rate, and substantially longer negotiations. By contrast, the soft-shortfall vari-
ant improves on the pure-profit baseline across all reported benchmark metrics.

The three profiles encourage materially different behaviour. Under the pure-profit

setting, Dreamer is rewarded only through realized deal profit, so unsuccessful episodes
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and still-open negotiations contribute little training structure beyond eventual outcome.
This remains closely aligned with the task objective, but it does not necessarily produce
the strongest overall benchmark result, because the agent may still fail to convert enough
potentially profitable negotiations into agreements.

The late-penalty variant performs much worse. One reasonable interpretation is that
repeated penalties on still-open negotiations make the imagined continuation value of
bargaining too pessimistic, so the learned model becomes less effective at exploiting re-
coverable trajectories. By contrast, the soft-shortfall variant preserves the profit-oriented
objective while adding a smoother preference against low-profit deals. This appears to
help Dreamer distinguish more useful trajectories without heavily distorting the episode
dynamics, leading to higher deal rate, lower walk-away rate, fewer rounds, and the best
average profit among the tested variants.

These results suggest that Dreamer is sensitive not only to the presence of shaping,
but also to the form in which that shaping is introduced. For this benchmark, a smooth
terminal preference appears more compatible with Dreamer’s latent-dynamics learning
than repeated intermediate penalties on ongoing negotiations. More broadly, the reward-
design study shows that the benchmark is rich enough to expose meaningful differences
between reward formulations even when the backbone architecture is fixed. It also sug-
gests that pure-profit alignment alone does not guarantee the best learning outcome for
a world-model agent; the way profit-oriented preferences are expressed in the learning

signal also matters.

6.7 Limitations

The current benchmark and experiments come with clear limitations. First, the study uses
fixed thesis budgets and retained settings for PPO and Dreamer, rather than a family-wise
search for the strongest possible configuration of each method. The reward ablations
should be read in the same way: they show that the benchmark is sensitive to learning-
signal design, but they do not exhaust the full space of reasonable reward formulations.
The value of these experiments is that they demonstrate a benchmark setting rich enough
to support further method development and comparison.

The scope of the evidence is also bounded by the simulator itself. The benchmark
is built from one fixed catalog, one frozen persona-bank construction, and one simulator-
based negotiation environment grounded in accessible public data, so the results should
be interpreted within this benchmark setting rather than as broad market generalization.
Likewise, the extension studies are indicative rather than exhaustive: CLIP, TTA, and re-
ward shaping are included to show that the benchmark responds to representation quality,
inference-time refinement, and reward design, not to cover every promising agent im-
provement. The simulator is also not real transaction data. Its role is to turn personalized

negotiation-based pricing into a structured and controllable research problem that can be
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studied under reproducible conditions. These limitations point naturally to future work on

stronger agent design, broader simulator scope, and more systematic evaluation settings.



Chapter 7

Conclusion

Summary of the thesis. This thesis formulates personalized pricing for customized car
features as a structured POMDP benchmark with multi-round negotiation. It develops a
consumer simulator grounded in public U.S. demographic and travel data, instantiates a
fixed vehicle-customization setting based on a real car catalog, and connects these compo-
nents to a shared negotiation environment in which heuristic and learning-based pricing
agents can be evaluated under the same protocol. In this way, the thesis turns a broad
and loosely defined pricing problem into a reproducible research setting for studying con-

sumer heterogeneity, bargaining, and pricing-agent behaviour together.

Main findings. The experiments show that this benchmark is meaningful and non-trivial.
Profit and agreement do not move together in a simple way in this setting, and the agents
do not yet make the most of that trade-off. The concession heuristic, despite its simplic-
ity, remains the strongest method on average profit, which indicates that the benchmark is
still challenging rather than already solved by current learned agents. At the same time,
the learned-agent studies show that representation quality and reward design matter ma-
terially: CLIP-based semantic augmentation changes results substantially, especially for
Dreamer, and reward shaping can alter learned behaviour in both the PPO and Dreamer
families. Taken together, these findings suggest that the benchmark is strong enough to
distinguish not only between agent classes, but also between different forms of observa-

tion design, inference-time refinement, and learning-signal construction.

Critical appraisal. This thesis has both clear strengths and clear weaknesses. On the
positive side, the benchmark setting works well as a research framework: it is repro-
ducible, structured, and challenging enough to produce meaningful differences between
heuristic and learning-based methods. The consumer simulator also succeeds in one of its
main intended roles, namely to introduce heterogeneous buyers with different observable
profiles, latent preferences, willingness-to-pay structure, and bargaining behaviour. The
multi-round negotiation environment is another successful part of the project, because it
turns pricing into a sequential interaction problem rather than a one-shot quotation prob-

lem. In addition, the wrapper-based design makes the benchmark easier to reuse and
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extend in later work.

At the same time, several important weaknesses remain. Compared with an ideal
personalized-pricing benchmark, the current simulator is still a deliberately narrowed re-
search setting. The consumer side is far from a full representation of a real vehicle mar-
ket, and the current willingness-to-pay and utility design remains a simplified behavioural
model rather than a comprehensive economic one. The benchmark also studies price ad-
justment over a fixed bundle rather than full personalized bundle construction, which
makes the task more controlled but also less expressive than the broader pricing prob-
lem that originally motivated the thesis. The current pricing agents are similarly limited
in how effectively they use the interaction horizon. Although the task allows up to five
rounds, the learned agents do not yet consistently show the stronger behaviour one would
hope for, such as using the early rounds to probe the buyer and later rounds to exploit the
information gained. The empirical study is also limited in agent breadth, since it does not
yet cover broader policy families or dialogue-based agents such as current LLM systems.

If this project were started again, the first change would be to invest earlier in stronger
evaluation design and broader agent coverage. In particular, it would have been valuable
to build richer diagnostic tools, more systematic training-dynamics analysis, and a wider
range of benchmarked agent families earlier in the project, rather than adding them only
after the main environment and simulator were already established. A second improve-
ment would be to design the consumer side with a clearer path from public-data grounding
to richer behavioural realism, so that later extensions to bundle construction, negotiation
style, and buyer-side utility could be added more naturally. More generally, the project
would have benefited from making these broader evaluation and simulator-expansion pri-
orities explicit earlier, rather than reaching them only after the core benchmark had al-

ready been implemented.

Future work. Future work follows directly from these limitations. On the method side,
stronger agents should make better use of the interaction horizon, latent-state inference,
and richer representations, including broader comparisons across model-free, model-
based, dialogue-based, and later LLM-based policies. On the simulator side, the con-
sumer model could move toward richer behavioural realism, broader catalog scope, and
eventually joint bundle-construction and pricing decisions. On the evaluation side, later
work should add broader robustness checks, richer customer-segment analysis, and more
systematic studies of training dynamics, reward sensitivity, and extension behaviour. The

main outcome of this thesis is therefore a benchmark foundation for further study.
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Appendix A

Full E350 customization catalog

This appendix provides the complete option-level catalog used by the benchmark. It
lists the benchmark option identifiers, representative option descriptions, consumer-facing

MSRP deltas, and the scalar aesthetic prior weights assigned to each option in the base

simulator.

Table A.1: Full E350 customization catalog used in the benchmark. MSRP deltas are
compiled from official Mercedes-Benz pricing materials, and the aesthetic prior is the
scalar appearance-oriented weight used by the base simulator.

Dimension Option ID Representative option(s) MSRP (USD)  Aesthetic prior
paint color paint_standard Standard black or Polar White paint 0 0.20
paint color paint_metallic Metallic paint finish 750 0.45
paint color paint_manufaktur MANUFAKTUR paint finish 1750 0.80
wheels wheel_18_standard 18-inch standard wheel set 0 0.20
wheels wheel_19_upgrade 19-inch wheel upgrade 600 0.50
wheels wheel_amg_high AMG 20/21-inch wheel upgrade 1950 0.85
exterior style  styling_upgrade Night Package or illuminated grille styling up- 400 0.55
grade
upholstery mb_tex MB-Tex upholstery 0 0.25
upholstery leather Leather upholstery 1620 0.65
upholstery nappa_leather Nappa leather upholstery 2990 0.90
trim standard_trim Standard wood or piano-black trim 0 0.25
trim premium_trim Premium wood, metallic, or star-pattern trim 150 0.55
comfort multicontour_package Multicontour Seating Package 2950 0.85
comfort seat_comfort_upgrade Ventilated front seats or heated rear seats 500 0.45
comfort soft_close_doors Soft-close doors 550 0.40
audio burmester_4d Burmester 4D surround-sound system 1030 0.70
technology mbux_superscreen MBUX Superscreen Package 1500 0.90
safety driver_assistance_package Driver Assistance Package 1950 0.60
performance  airmatic_package AIRMATIC Package 3200 0.65
lighting digital_light DIGITAL LIGHT headlamps 990 0.60




Appendix B

Persona priors and conditional

distributions

This appendix documents the probability tables and generation rules used by the persona
schema. The observable profile is grounded in public U.S. buyer priors and lightweight
conditional approximations, while the hidden layer is derived through conditional map-

pings, numeric mixtures, and bounded coupling rules. These tables are provided to make

the simulator assumptions transparent and auditable without overloading the main text.

B.1 Observable priors

Table B.1: Observable profile priors used by the consumer simulator.

Field

Values

Probability vector

Age band

18-25, 26-35, 36-50, 50+

[0.08, 0.24, 0.39, 0.29]

Income band

<60k, 60-100k, 100-180k, 180k+

[0.08, 0.22, 0.40, 0.30]

Household stage

single, couple, family

[0.27,0.31, 0.42]

Ownership stage

first-time, replacement, additional

[0.15, 0.68, 0.17]

Primary use case

mixed

commute, family, luxury, performance, | [0.19, 0.22, 0.14, 0.10,

0.35]

B.2 Observable conditional approximations

Table B.2: P(income band | age band) used in observable-profile sampling.

Age band <60k | 60-100k | 100-180k | 180k+
18-25 0.42 0.36 0.17 0.05
26-35 0.14 0.33 0.34 0.19
36-50 0.05 0.20 0.43 0.32
50+ 0.06 0.18 0.40 0.36
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Table B.3: P(household stage | age band) used in observable-profile sampling.

Age band single | couple | family
18-25 0.56 0.25 0.19
26-35 0.32 0.31 0.37
36-50 0.17 0.29 0.54
50+ 0.34 0.46 0.20

Table B.4: P(ownership stage | age band) used in observable-profile sampling.
Age band first-time | replacement | additional
18-25 0.52 0.42 0.06
26-35 0.21 0.65 0.14
36-50 0.08 0.70 0.22
50+ 0.03 0.72 0.25

Table B.5: P(primary use case | household stage) used in observable-profile sampling.

Household commute | family | luxury | performance | mixed
stage

single 0.30 0.08 0.17 0.10 0.35
couple 0.20 0.14 0.18 0.11 0.37
family 0.12 0.43 0.08 0.06 0.31

B.3 Hidden conditional mappings

Table B.6: P(decision style | primary use case) used in hidden-profile generation.

Primary use | analytic | balanced | expressive
case

commute 0.46 0.44 0.10
family 0.40 0.50 0.10
luxury 0.24 0.46 0.30
performance 0.26 0.34 0.40
mixed 0.31 0.44 0.25
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Table B.7: P(tech-affinity band | age band) used in hidden-profile generation.

Age band low | medium | high
18-25 0.10 0.36 0.54
26-35 0.12 0.43 0.45
36-50 0.19 0.51 0.30
50+ 0.33 0.50 0.17

Table B.8: P(top two priorities | primary use case) used in hidden-profile generation.

Primary wuse Priority pair Probability
case

commute (price, comfort) 0.30
commute (comfort, safety) 0.24
commute (tech, comfort) 0.18
commute (safety, tech) 0.18
commute (aesthetics, comfort) 0.10
family (comfort, safety) 0.35
family (safety, tech) 0.32
family (price, comfort) 0.23
family (tech, comfort) 0.10
luxury (aesthetics, comfort) 0.34
luxury (tech, comfort) 0.30
luxury (performance, aesthetics) 0.24
luxury (comfort, safety) 0.12
performance (performance, aesthetics) 0.50
performance (tech, comfort) 0.20
performance (aesthetics, comfort) 0.18
performance (price, comfort) 0.12
mixed (price, comfort) 0.20
mixed (comfort, safety) 0.22
mixed (performance, aesthetics) 0.13
mixed (tech, comfort) 0.17
mixed (safety, tech) 0.16

mixed (aesthetics, comfort) 0.12
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B.4 Hidden numeric mixtures and linked rules

Table B.9: Numeric mixture distributions used in hidden-profile generation.

Variable

Support

Probability vector

Price sensitivity

[0.70, 1.00, 1.35]

[0.28, 0.50, 0.22]

Aesthetic sensitiv-

ity

[0.45, 0.75, 1.05]

[0.24, 0.52, 0.24]

Patience

(3,4,5, 6]

[0.20, 0.34, 0.30, 0.16]

Counter strength

[0.30, 0.55, 0.80]

[0.30, 0.48, 0.22]

Walk-away thresh-
old

[0.05, 0.10, 0.18]

[0.42, 0.40, 0.18]

Belief obscurity [0.20, 0.45, 0.70] [0.30, 0.50, 0.20]
Brand loyalty [0.30, 0.55, 0.80] [0.24, 0.52, 0.24]
Impulsivity [0.20, 0.45, 0.75] [0.30, 0.48, 0.22]

Table B.10: Income-conditioned reservation-price base distribution.

Table B.11: Conditional shift rules applied after initial hidden-variable sampling.

Income band | Mean (USD) | Std (USD)
<60k 6800 850
60-100k 9200 1100
100-180k 12800 1400
180k+ 17200 1700

Condition source | Value Shift applied

Primary use case luxury brand loyalty +0.08

Primary use case performance price sensitivity -0.08

Ownership stage first-time price sensitivity +0.12; brand loyalty -
0.10; walk-away threshold +0.08; pa-
tience -1

Ownership stage replacement brand loyalty +0.06; walk-away thresh-
old -0.03; patience +1

Ownership stage additional price sensitivity -0.05; aesthetic sensi-
tivity +0.08; brand loyalty +0.04

Tech-affinity band | high brand loyalty +0.04

Priority set con- | price price sensitivity +0.12

tains
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Table B.12: Coupling rules used to keep hidden-variable combinations behaviorally

coherent.

Coupling

Rule

Reservation price from

price sensitivity

multiplicative adjustment with base 1.08, slope -
0.18, clipped to [0.75, 1.20]

Walk-away threshold from

price sensitivity

additive adjustment with slope 0.10 around cen-
ter 1.00

Walk-away threshold from

patience

additive adjustment with slope -0.04 around cen-
ter 5

Counter strength from be-

lief obscurity

additive adjustment with slope 0.15 around cen-
ter 0.50




Appendix C

User manual

This user manual explains how to install the benchmark package, run the main command-
line workflow, and inspect the generated outputs. It is intended for a user who wants
to execute the program and check its performance, not for a maintainer who wants to
modify the implementation. Implementation structure and extension details are described

separately in Appendix [D}

C.1 Requirements

The benchmark is designed to run from the repository root in a Unix-like command-
line environment. The full learned-agent workflow assumes the following software and

hardware:

¢ Linux;

Conda or Miniconda;

Python 3.10;

an NVIDIA GPU with a CUDA 12.x-compatible driver/runtime for the full PPO,
Dreamer, CLIP, and JAX-based workflow.

Some lightweight commands, such as checking script help messages or inspecting
existing outputs, can be run without completing the full training workflow. Full reproduc-

tion of the reported learned-agent experiments is computationally more demanding.

C.2 Installation

Open a terminal in the repository root. Run the command blocks in the order shown. If a
command line ends with a backslash, copy the whole multi-line block as one command;

otherwise, the lines can be run one by one.

conda create -n pricing-agent python=3.10 -y

conda activate pricing-agent
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python -m pip install --upgrade pip

pip install -r requirements.txt

The requirements.txt installation is the main installation path for the released
package. Itis expected to install the retained PPO, DreamerV3, CLIP, and JAX dependen-
cies needed by the benchmark. After installation, the user should verify that the intended
GPU-backed PyTorch and JAX setup is actually visible at runtime.

Check that PyTorch is installed and can see the GPU:

python -c "import torch"

python -c "import torch; print(torch.cuda.is_available())"

The first command should finish without an import error. The second command
should print True; if it prints False, the CUDA-enabled PyTorch installation is not being
used.

Check that DreamerV3 and JAX import correctly:

python -c "import dreamerv3, embodied"

python -c "import jax; print(jax.devices())"

The final command should list a CUDA device. If it lists only a CPU device, the
Dreamer runs will not use the intended GPU backend.
Figure [C.1] shows an example of the expected terminal output after these PyTorch,

DreamerV3, and JAX checks have been run successfully.

® (pricing-agent) chacelei@ChaosPC:~/ABDN/Research-Dynamic—Pricing$ python —c "import torch"

® (pricing-agent) chacelei@ChaosPC:~/ABDN/Research-Dynamic-Pricing$ python —c "import torch; print(torch.cuda.is_available())"
True

® (pricing-agent) chacelei@ChaosPC:~/ABDN/Research-Dynamic—Pricing$ python —c "import dreamerv3, embodied"

® (pricing-agent) chacelei@ChaosPC:~/ABDN/Research-Dynamic-Pricing$ python -c "import jax; print(jax.devices())"
[CudaDevice(id=0)]

% (pricing-agent) chacelei@ChaosPC:~/ABDN/Research-Dynamic-Pricing$ ll

Figure C.1: Example terminal output after the PyTorch, DreamerV3, and JAX envi-
ronment checks.

C.3 Benchmark data

The workflow expects the fixed persona bank and CLIP semantic assets under:
* datasets/persona_bank/bank50k_s123/;
* datasets/clip_semantics/e350_clip_text_v1l. json.

If these files are already present, the user can proceed directly to the experiment

commands below. If the persona bank is missing, rebuild it with:

python scripts/data/build_persona_bank.py \
--count 50000 \
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--seed 123 \
--output-dir datasets/persona_bank/bank50k_s123 \

--overwrite
If the CLIP semantic file is missing, rebuild it with:

python scripts/data/build_clip_semantics.py \
--catalog-path catalog/e350_core_catalog.yaml \
--output-path datasets/clip_semantics/e350_clip_text_v1l.json \
--model-name ViT-B-32 \
--pretrained openai \
--seed 123 \

--overwrite

C.4 Running experiments

In the delivered package, the benchmark is intended to be run through the Python
command-line scripts shown below.

Example PPO workflow:

python scripts/agents/train_ppo.py \
--config-path configs/ppo/ablations/bank50k/clip.yaml \
--seed 123

python scripts/agents/run_benchmark.py \
--config-path configs/ppo/ablations/bank50k/clip.yaml \
--seed 123

Example Dreamer workflow:

python scripts/agents/train_dreamer.py \
--config-path configs/dreamer/ablations/bank50k/clip.yaml \
--seed 123

python scripts/agents/run_benchmark_dreamer.py \
--config-path configs/dreamer/ablations/bank50k/clip.yaml \
--seed 123

Benchmark-only TTA configurations reuse the Dreamer + CLIP checkpoint pro-
duced by the standard Dreamer workflow above and do not require a separate TTA training

run. For example:
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python scripts/agents/eval_dreamer.py \
--config-path configs/dreamer/ablations/bank50k/clip_tta_v2.yaml \
--seed 123

python scripts/agents/run_benchmark_dreamer.py \
--config-path configs/dreamer/ablations/bank50k/clip_tta_v2.yaml \
--seed 123

Further command examples are collected in the thesis command summary:

scripts/commands/thesis_commands.md

C.5 Expected outputs

The easiest way to understand the outputs is to follow them step by step. Different com-
mands generate different kinds of files, and the user does not need to inspect every direc-
tory in the package in order to confirm success.

After rebuilding the benchmark data. If the user runs the persona-bank builder,
the directory datasets/persona_bank/bank50k_s123/ should contain files such as
train. jsonl, val. jsonl, test.jsonl, persona_bank. jsonl, and manifest. json.
If the user runs the CLIP semantic builder, the file datasets/clip_semantics/e350_
clip_text_vl. json should be created or refreshed. These files are the main fixed data
assets used by the benchmark.

After a PPO benchmark run. The PPO commands write their outputs under the
configured artifacts/ppo/. .. directory. The most important result for an end user is
the benchmark report JSON stored under a reports/ subdirectory. This report contains
the aggregate benchmark metrics for the requested PPO workflow.

After a Dreamer benchmark run. The Dreamer commands write their outputs
under the configured artifacts/dreamer/. .. directory. As with PPO, the main user-
facing result is the benchmark report JSON written under a reports/ subdirectory. This
file records the aggregate benchmark metrics for the selected Dreamer configuration.

How to tell that the run succeeded. In normal use, the user does not need to inspect

every intermediate file. A practical success check is simply:

* after data preparation, manifest. json exists in the expected persona-bank direc-

tory;

* after PPO benchmarking, a benchmark report JSON appears under the correspond-
ing artifacts/ppo/. . ./reports/ directory;

* after Dreamer benchmarking, a benchmark report JSON appears under the corre-

sponding artifacts/dreamer/.../reports/ directory;
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* the terminal command finishes without missing persona-bank, checkpoint, or im-

port errors.

In other words, the main outputs that most users need to confirm are the fixed bench-
mark data files and the final benchmark report JSON files. The surrounding artifact direc-
tories may also contain checkpoints, logs, and auxiliary metadata, but those are supporting
files rather than the first outputs that a beginner needs to inspect.

Figure [C.2] shows an example of the terminal-side confirmation that a benchmark

report file has been written under the expected artifact directory.

o ipricing—agént) ;f]acelei@chaospc:~/ABDN/Research—Dynamic—Pricing$ 1s artifacts/dreamer/ablations/bank50k/clip/reports
dreamer_bank50k_clip_2m_benchmark_test.json
(pricing-agent) chacelei@ChaosPC:~/ABDN/Research-Dynamic—Pricing$ []

Figure C.2: Example terminal output showing a generated benchmark report file under
the artifact directory.

C.6 Troubleshooting

If a command fails immediately, first check that it is being run from the repository root
and that the pricing-agent environment is active. If the persona bank is missing, rerun

the persona-bank builder directly:

python scripts/data/build_persona_bank.py \
--count 50000 \
--seed 123 \
--output-dir datasets/persona_bank/bank50k_s123 \

--overwrite

If a benchmark stage cannot find a model checkpoint, run the corresponding training
stage first and confirm that the configuration path matches the intended artifact directory.
If JAX reports only a CPU device, check the JAX installation and device visibility again
before running Dreamer experiments. If CLIP semantic generation fails, confirm that

PyTorch can see the GPU and that datasets/clip_semantics/ can be written.
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Maintenance manual

This appendix documents the implementation-facing information needed to inspect, mod-
ify, extend, and debug the benchmark codebase. Unlike the user manual in Appendix [C]
which focuses on running the program, this maintenance manual explains how the pack-
age is organized, where the main runtime components are located, which configuration
files control the benchmark, and where generated data and reports are stored. The di-
rectory and path descriptions below are written against the delivered package structure
rather than against a larger local development workspace. Changes to persona generation,
reward profiles, evaluation splits, or agent-facing observations can change the benchmark

contract and should therefore be tracked explicitly.

D.1 Installation and build procedure

The project is a Python research codebase and does not require a separate compilation
step. In practice, “build” in this package means preparing the Python environment, verify-
ing the main entry points, and confirming that the retained benchmark data can be loaded
from the package root. In the delivered submission package, the concrete installation and
first-run setup steps are given in README.md. A maintainer should therefore follow the
same installation sequence as in Appendix[C] but treat it as a stepwise validation workflow
rather than only as a user-facing setup routine.

The recommended order is: create and activate the pricing-agent Python 3.10 en-
vironment; install the retained dependency set from requirements.txt; run the import
and device checks from Appendix [C}; run lightweight script-entry checks; run the included
smoke test; and only then move on to data regeneration, training, or benchmarking. The
first script-entry checks should confirm that the main commands resolve correctly from

the package root:

python scripts/data/build_persona_bank.py --help
python scripts/agents/run_benchmark.py --help
python scripts/agents/run_benchmark_dreamer.py --help

The next check should be the included smoke script:
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python scripts/dev/run_env_smoke.py

This script instantiates the environment, runs a short random-policy loop, and prints
summary metrics. Successful installation therefore means more than “the imports did not
fail”: the import checks should pass, JAX should expose the intended CUDA device when
Dreamer support is required, the three -help commands should resolve from the package
root, and the smoke script should complete without path or environment errors. After
that, the maintainer should verify that the retained persona bank exists under datasets/
persona_bank/bank50k_s123/; if it does not, the prepare stage from the helper script

should be rerun before any longer PPO or Dreamer workflow is attempted.

D.2 Hardware, software, and resource requirements

The runtime environment used for the workflow is Linux with Python 3.10 under Conda
or Miniconda. A CUDA 12.x-compatible NVIDIA GPU is expected for the full experi-
ment pipeline, because the learned-agent workflow uses GPU-backed PyTorch and JAX
components. CPU-only execution is still useful for lightweight maintenance work such as
inspecting files, checking configuration paths, running -help commands, and executing
the smoke script, but it is not the intended setup for reproducing the full PPO, Dreamer,
CLIP, and TTA workflow.

The standard Python dependencies are declared in requirements. txt. Maintainers
should treat that file as the primary dependency reference for the retained release pack-
age, and then use the PyTorch and JAX device checks from Appendix [C]to confirm that
the intended GPU-backed runtime is actually visible. In other words, the maintenance
workflow depends on the same environment as the user workflow, but with the additional
expectation that the maintainer may need to rerun preprocessing steps, inspect generated
reports, or trace a failure back to its script and configuration source.

For routine maintenance, it is reasonable to reserve at least 500 MB of free disk space
for the source tree, fixed benchmark data, regenerated semantic assets, and basic report
outputs. This is enough for lightweight inspection, smoke checks, path validation, and
some data-regeneration tasks. Full learned-agent reruns need substantially more head-
room, because PPO and Dreamer can produce checkpoints, logs, and benchmark reports
under artifacts/. In practice, a maintainer planning to rerun those workflows should
expect disk use to grow well beyond the minimum baseline and should treat a CUDA-

capable GPU as part of the normal setup rather than as an optional acceleration path.

D.3 Repository and file organization

The runtime package is organized around a small number of top-level directories and
root files. At the package root, README . md provides the user-facing entry documentation,

requirements.txt records the standard Python dependency set, and LICENSE records
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the software license. The remaining contents are grouped by role rather than by experi-

ment run.

* src/: the core Python implementation of the environment and pricing-agent mod-

ules;

* scripts/: runnable entry points for data preparation, training, benchmarking,

evaluation, plotting, and small development checks;

* configs/: YAML configuration files for persona priors, hidden-trait mappings,

PPO settings, Dreamer settings, reward profiles, and retained experiment variants;
* catalog/: the fixed E350 vehicle customization catalog used by the benchmark;

* datasets/: the fixed persona-bank and CLIP semantic assets included with the

package.

Within these directories, the structure remains role-based. The src/ tree is divided
into src/pricing_env/ for the simulator and environment logic, and src/pricing_
agent/ for heuristic, PPO, and Dreamer-side agent code. The scripts/ tree is divided
into agents/, data/, common/, plots/, commands/, and dev/, so that training and
benchmark entry points are kept separate from configuration loaders, plotting utilities,
and smoke-style utilities. The configs/ tree is divided by agent family and experiment
type, with separate PPO, Dreamer, reward-profile, and persona-generation files rather than
one monolithic configuration file.

The clean source package intentionally omits large generated artifact trees such as
checkpoints, logs, and archived benchmark outputs. Those files can be regenerated from
the code, configurations, and included benchmark data, but they are not treated as part of

the package itself.

D.4 Source file guide

The codebase is easier to maintain if file roles are read in groups rather than as one flat
directory listing. The files below are therefore organized by maintenance role, so that a
reader can move directly to the environment logic, agent adapters, data-building scripts,
or benchmark entry points depending on the part of the system being changed.

Environment implementation

* src/pricing_env/negotiation_env.py: main episode-level negotiation loop,
including reset/step logic, buyer-response handling, reward signals, and episode

trace construction.

* src/pricing_env/gym_wrapper.py: Gymnasium-style wrapper that converts
the raw negotiation environment into fixed-size observations and standard step sig-

natures for agent training and evaluation.
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* src/pricing_env/persona.py: persona sampling, persona-bank loading, observable-

profile sampling, and hidden-trait mapping.

* src/pricing_env/wtp.py: willingness-to-pay decomposition, buyer utility, seller

utility, and related pricing-side value calculations.

* src/pricing_env/negmas_backend.py: persistent NegMAS bargaining session

backend and round-level negotiation response logic.

* src/pricing_env/catalog.py: catalog loading, one-option-per-dimension sam-

pling, MSRP aggregation, implementation-cost proxy, and aesthetic proxy utilities.

* src/pricing_env/types.py: shared dataclass definitions for catalog options,

personas, actions, observations, and episode metrics.
Agent implementation

* src/pricing_agent/baselines.py: heuristic baseline policies and baseline-

evaluation helpers.

* src/pricing_agent/ppo_env.py: PPO-facing environment adapter with dis-

crete price-delta actions and PPO-specific reward shaping.

* src/pricing_agent/world_model/adapter.py: Dreamer-facing discrete-action

adapter that wraps the PPO-style environment for world-model agents.

* src/pricing_agent/world_model/dreamer_runtime.py: DreamerV3 runtime
integration, configuration assembly, dependency checks, checkpoint handling, and

policy-loading utilities.

* src/pricing_agent/world_model/tta.py: inference-time adaptation logic,

TTA configuration validation, belief-state updates, and candidate reranking.
Data preparation and shared configuration helpers

* scripts/data/build_persona_bank.py: deterministic persona-bank genera-

tion, split creation, manifest writing, and preview export.

* scripts/data/build_clip_semantics.py: offline text-only CLIP semantic

feature construction for catalog options.

* scripts/common/ppo_config.py: PPO YAML loading, validation, and repository-

relative path resolution.

* scripts/common/dreamer_config.py: Dreamer YAML loading, validation, and

repository-relative path resolution.
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Training, evaluation, and benchmark entry points

* scripts/agents/train_ppo.py: PPO training entry point and checkpoint/metadata

writer.

* scripts/agents/eval_ppo.py: PPO evaluation entry point for one trained

checkpoint on one selected split.

* scripts/agents/run_benchmark.py: shared-episode benchmark entry point for
heuristics and PPO.

* scripts/agents/train_dreamer.py: DreamerV3 training entry point and check-

point/metadata writer.

* scripts/agents/eval_dreamer.py: Dreamer evaluation entry point for one

trained checkpoint on one selected split.

* scripts/agents/run_benchmark_dreamer.py: shared-episode benchmark en-

try point for heuristics and Dreamer.

D.5 Core implementation components

At the core of the implementation is the benchmark environment. One episode is built
from a fixed catalog bundle, one sampled persona, a round-level willingness-to-pay cal-
culation, and a persistent NegMAS bargaining session. The environment layer therefore
combines four responsibilities that are separated in code but used together at runtime: cat-
alog handling, persona sampling or persona-bank lookup, value and utility computation,
and the negotiation backend that advances the bargaining session.

On top of that environment sits the agent layer. The heuristic baselines act directly
on the wrapper-facing observation and action contract. PPO uses a dedicated environment
adapter with discrete price-delta actions and PPO-specific reward shaping. Dreamer uses a
separate world-model adapter that flattens the action interface into a Dreamer-compatible
discrete policy space. The optional inference-time adaptation module is attached at this
layer as an agent-side refinement rather than as part of the benchmark environment itself.

The script layer orchestrates these components rather than reimplementing them.
Data-building scripts create the fixed persona bank and CLIP semantic asset, training
scripts create checkpoints and metadata, evaluation scripts score one trained model on
one selected split, benchmark scripts enforce shared-episode comparison across policies,
and plotting scripts read saved outputs to generate thesis figures. In this way, the runtime
logic stays in src/, while scripts/ remains the entry layer for reproducible workflows.

Finally, the generated-output layer records what the earlier components produce.

Fixed data assets live under datasets/, while benchmark reports, metrics, checkpoints,
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and figure outputs are written to artifact directories when those workflows are executed.
For maintenance work, this separation matters: changing the simulator or agent code
changes how outputs are produced, but the generated files themselves are not the source

of truth for the implementation.

D.6 Core data structures and procedures

The implementation is easier to trace if one follows the flow of data through a single
episode. A run begins from two fixed inputs: one catalog bundle and one persona record.
From these, the environment constructs an observation, receives an action from the policy,
advances the bargaining session, updates round-dependent values such as willingness to
pay, and records the resulting episode trace and aggregate metrics. Benchmark scripts
then repeat this process across many shared episodes and write a report JSON for later

analysis.

The first important data object is the persona record. In our benchmark, each
persona contains observable profile fields, hidden behavioural fields, split membership,
source information, and a stable persona identifier. The fixed persona bank stores these
records in JSONL form and provides train, validation, and test subsets. The second impor-
tant object is the catalog option record. Each option contains a stable key, a dimension
label, an MSRP delta, and an aesthetic-weight field. Episode construction samples one
option per retained catalog dimension, so the resulting bundle is already a structured list

rather than an untyped string or free-form configuration.

During runtime, these inputs are converted into environment-facing observation and
action objects. The raw environment observation contains round index, remaining rounds,
recent negotiation history, selected option keys, bundle-level summary values, and the
observable part of the persona. The raw action object contains one move token and, when
relevant, one offered price in USD. PPO and Dreamer do not consume this raw form
directly. PPO uses a discrete move plus price-delta representation, while Dreamer flattens
that representation into one discrete action index through its adapter layer. This means the

underlying bargaining task remains the same even though the training interfaces differ.

The main output objects are the episode trace, episode metrics, and benchmark re-
port. The episode trace records step-level events such as seller offers, consumer responses,
counter-offers, utility values, and terminal causes. Episode metrics compress the com-
pleted trajectory into per-episode quantities such as profit, deal reached, rounds used, and
walk-away status. Benchmark scripts then aggregate these episode-level outputs across a
shared seed-defined episode set and write report JSON files containing policy-level aver-
ages, split metadata, seed information, and reproducibility checks such as same-consumer

verification.



D.7. CONFIGURATION PATHS AND GENERATED FILES 85

D.7 Configuration paths and generated files

The maintainership-sensitive constants are concentrated in a small number of YAML
files under configs/. Observable buyer priors are defined in configs/us_buyer_
distribution_v2.yaml. Hidden-trait mappings are defined in configs/persona_
hidden_mapping_v1.yaml. The retained persona schema is defined in configs/
personas_v2.yaml. PPO-side settings are grouped under configs/ppo/, Dreamer-
side settings are grouped under configs/dreamer/, and reward-specific adjustments
are grouped under configs/reward_profiles/ and the retained reward-sweep subdi-
rectories. The active values are always determined by the specific file passed through
--config-path, not by the mere existence of a default file elsewhere in the package.
For routine maintenance, the most important benchmark-defining constants come
from the selected config files and the direct Python entry points used to build data and run

experiments:
* negotiation horizon: configs/personas_v2.yaml, key sampling.max_rounds;

* retained seed, persona-bank size, and main persona-bank output path: scripts/
data/build_persona_bank.py, via --seed123, --count50000, and the pair
--output-dir plus datasets/persona_bank/bank50k_s123;

* active persona-bank file: paths.persona_bank_path in the selected PPO or

Dreamer config;

* price-bin granularity and price step: environment.price_bin_count

environment.price_step_usd
* initial offer anchor: environment.initial_offer_markup

* benchmark episode count and benchmark split: benchmark.episodes

benchmark.persona_bank_split

* reward-shaping values: environment.no_deal_penalty
environment.profit_target_usd
environment.low_profit_penalty
plus Dreamer-specific reward and TTA blocks when those variants are being main-

tained.
The main data paths are also stable:
* fixed benchmark catalog: catalog/e350_core_catalog.yaml;

* retained large persona bank: datasets/persona_bank/bank50k_s123/;
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* files stored in the retained bank: train. jsonl, val. jsonl, test. jsonl, persona_

bank. jsonl, and manifest. json;
* CLIP semantic asset: datasets/clip_semantics/e350_clip_text_v1l. json.

In a clean source package, these files are treated as fixed runtime inputs. Benchmark
reports, checkpoints, logs, and regenerated figure inputs are treated as generated outputs.
Those generated files are written under the artifact paths declared by the selected PPO
or Dreamer configuration and can therefore be deleted and regenerated without changing
the source tree itself. The package does not depend on any special runtime temporary-file
directory beyond normal Python cache files; the main disposable outputs are the generated

artifacts under their configured output roots.

D.8 Maintainer workflow and debugging notes

For maintenance work, the recommended validation order is: run the import and device
checks from Appendix [C} confirm that the main script entry points resolve with -help;
run scripts/dev/run_env_smoke.py; verify that the persona bank and CLIP seman-
tic asset exist; and only then move on to data regeneration, training, or benchmarking.
This order keeps environment and path problems separate from longer learned-agent re-
runs. Maintainers should call the lower-level Python scripts directly when debugging one
stage in isolation. In practice, data regeneration is handled by scripts/data/build_
persona_bank.py and scripts/data/build_clip_semantics.py, training is han-
dled by scripts/agents/train_ppo.py and scripts/agents/train_dreamer.py,
and shared-episode benchmarking is handled by scripts/agents/run_benchmark.py

and scripts/agents/run_benchmark_dreamer.py.

The most common failures are path and environment mismatches rather than logic
bugs. If a command fails immediately, first confirm that it is being run from the
package root and that the intended Conda environment is active. If a benchmark
command cannot find the persona bank, rerun the data-preparation stage and recheck
datasets/persona_bank/bank50k_s123/. If a Dreamer command cannot see the
GPU, rerun the JAX device check from Appendix [C] before changing any code. If a
benchmark run cannot find a checkpoint or report directory, inspect the selected config
file and confirm that the configured output root matches the retained run being invoked.
A second class of maintenance risk comes from contract changes: modifying persona-
generation files, reward profiles, observation construction, or evaluation-split settings can
silently invalidate cross-run comparability unless the change is tracked explicitly and the

affected reports are regenerated.
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D.9 Known issues, bug reports, and future maintenance

work

The most common recurring maintenance risks are straightforward but disruptive: run-
ning commands from the wrong working directory, pointing a config file at the wrong
persona bank, invoking a benchmark before the expected checkpoint exists, mixing out-
put roots across retained variants, and treating stale generated reports as if they were cur-
rent outputs. A second recurring risk is configuration mismatch across retained variants.
In practice, reward profile, CLIP status, TTA status, checkpoint path, and benchmark re-
port should correspond to the same intended setting; otherwise a command may still run
successfully while producing results that no longer match the expected variant being re-
ported. In the retained release package, the benchmark-only TTA path is expected to reuse
the checkpoint produced by the standard Dreamer + CLIP training workflow rather than
a separately packaged checkpoint artifact. Dreamer-side maintenance has one additional
recurring risk, namely a mismatch between the intended GPU-backed JAX installation
and the device that JAX actually exposes at runtime. These are the first failure modes to
rule out before treating a problem as a simulator or agent bug.

When reporting a bug, the minimum useful record is the exact script path, config
path, seed, working directory, and the first explicit error message. For benchmark mis-
matches, the report should also record which persona bank, catalog file, and artifact root
were used, because many apparent logic bugs are in fact caused by mixed paths or stale
generated outputs. If the failure occurs only for one retained configuration, the report
should name that configuration file directly rather than referring to the agent family in
general.

The most useful future maintenance improvements are practical rather than archi-
tectural. The package would benefit from a canonical dependency lock file in addition
to requirements.txt, a small smoke-test layer that checks the retained data paths and
script entry points, and slightly stronger documentation of artifact naming and output-root
conventions. It would also benefit from lightweight checks that confirm whether reward
profile, CLIP status, TTA status, checkpoint path, and benchmark report all correspond to
the same retained variant. A second improvement area is workflow consolidation: PPO-
side and Dreamer-side benchmark orchestration still share the same benchmark contract
but use separate command entry points, so there is room to reduce repeated path handling

and repeated reporting logic while keeping the two training stacks independent.



Appendix E

Extension implementation details

This appendix summarizes the implementation details of the optional CLIP and inference-
time adaptation extensions used in the thesis. The goal is reproducibility rather than
methodological novelty. Only the settings needed to reconstruct the reported extension

results are included here.

E.1 CLIP semantic-feature construction

The CLIP extension is implemented as an offline text-only semantic preprocessing
pipeline. No online CLIP inference is performed inside the training or evaluation loop.
Instead, each catalog option is assigned one fixed text prompt, encoded once by a pinned
CLIP backend, and stored in a reusable semantics artifact. During runtime, the benchmark

performs only lookup and aggregation over these precomputed option-level features.

Table E.1: Summary of the CLIP semantic-feature construction used in the benchmark.

Item Reported setting

Artifact path datasets/clip_semantics/e350_clip_text_vl.json
Schema version clip_text_semantics_v1l

Backend library open-clip-torch

Model / pretrained pair ViT-B-32 with openai weights

Tokenizer ViT-B-32 tokenizer

Semantic dimension 5

Semantic axes aesthetic_luxury, aesthetic_sporty,

aesthetic_modern_tech, aesthetic_premium_material,

aesthetic_visual_impact

Catalog coverage 20 option-level records, matching the benchmark catalog

Aggregation level option-level features aggregated into a configuration-level semantic
vector

Runtime role observation-side semantic augmentation for the agent; no change to

benchmark dynamics

Legacy scalar proxy retained alongside CLIP features for compatibility

(legacy_proxy_enabled = true)

Atruntime, the selected option-level CLIP vectors are aggregated into one configuration-

level semantic vector and exposed to the agent as an additional observation-side feature.
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A projected scalar aesthetic score is also retained in the semantics artifact. These seman-
tic features enrich the bundle representation available to the agent, but they do not replace
the base simulator’s hand-crafted aesthetic prior or alter the underlying catalog, persona

schema, or negotiation mechanics.

E.2 Inference-time adaptation configuration

The reported inference-time adaptation result in Chapter [6| uses the final Dreamer-side
paired comparison under the CLIP + soft-shortfall setting. The module is applied only at
evaluation time on top of a fixed trained Dreamer checkpoint. It does not update model

parameters online, and it does not modify the benchmark environment.

Table E.2: Key settings of the reported inference-time adaptation module.

Item Reported setting

Configuration file configs/dreamer/ablations/bank50k/
clip_tta_v2_soft_shortfall.yaml

Checkpoint family Dreamer + CLIP + soft-shortfall checkpoint

Adaptation status enabled at benchmark time only

Mode candidate reranking over a bounded local action set

Maximum candidate count 8

Offer neighbor bins 3

Maximum absolute price ad- | 300 USD

justment

Imagination horizon 1 step

Belief-state update strengths | Owtp = 0.45, Ocounter = 0.35,
Olrisk = 0.40
Scoring weights Wpolicy = 0.30, Wyarue = 0.00,

Wmargin = 0.40, Wreasibility = 0.08,
wrisk = 0.05
Reward setting during eval- | CLIP-enabled soft-shortfall profile, identical to the paired no-TTA

uation baseline

Under this configuration, the adaptation layer reranks a small local set of candidate
actions around the raw Dreamer proposal using only observable negotiation information.
In the reported run, the module behaves as a selective correction mechanism rather than
as a hard policy replacement: only a small fraction of prediction steps are overridden,
and the observed changes are concentrated on offer-side decisions. This appendix table
is intended to make that reported module reconstructible without expanding the main text

into a full implementation note.
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