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Abstract

Large language models are increasingly deployed as planners, coordinators, and decision-
making agents in complex socio-technical environments. Their capacity to generate structured
plans, invoke tools, and adapt to changing constraints depends not only on scale and
pretraining but also on how behavior is shaped through reward signals. This paper examines
reward shaping as a systems-level mechanism for structured planning and decision-making in
large language models. Rather than treating reward design as a narrow optimization detail, the
analysis positions reward shaping as an infrastructural and governance layer that intersects
with architecture, deployment, monitoring, fairness, robustness, and sustainability. The paper
discusses how process rewards, preference models, verifiable outcomes, and trajectory
filtering can improve long-horizon planning while introducing new risks such as reward
hacking, specification gaming, opacity, and uneven accountability. It further analyzes
architectural trade-offs among centralized reward models, decentralized evaluation, tool-
augmented planning, and human oversight. Cross-domain illustrations from healthcare, public
administration, scientific discovery, and enterprise workflows show that reward-shaped
language agents must be evaluated against operational, legal, and ethical criteria rather than
benchmark accuracy alone. The paper argues that sustainable deployment requires auditable
reward pipelines, participatory governance, robust fallback mechanisms, and lifecycle
assessment of compute and data burdens. The conclusion emphasizes that reward shaping for
language-based planning should be treated as a socio-technical design problem, not merely an
algorithmic one, if such systems are to remain reliable, fair, and legitimate in high-stakes
settings.
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1. Introduction

Large language models have moved from text completion toward structured planning and
decision support, including tool use, multi-step reasoning, workflow orchestration, and
interactive problem solving. This shift has made the behavior of these models dependent on



more than pretraining data and parameter count. It depends on how objectives are specified,
how intermediate actions are evaluated, and how feedback is incorporated across the lifecycle
of deployment. Reward shaping, originally developed in reinforcement learning to guide
agents through sparse or delayed feedback, has become a central mechanism for aligning
language model behavior with human intentions and operational constraints. The early
literature on AI safety identified specification gaming, negative side effects, and reward
hacking as fundamental challenges when objectives are imperfectly specified [1]. Preference-
based reinforcement learning later demonstrated that human comparisons could train reward
models capable of guiding complex behavior without hand-coded reward functions [2]. These
foundations now inform contemporary language model alignment, where reward models,
preference optimization, and process supervision determine how models plan, prioritize, and
act.

Structured planning in language models differs from classical planning because the action
space is linguistic, open-ended, and often entangled with tool calls, retrieval, memory, and
human interaction. A model may generate a plan that appears coherent while relying on
unstated assumptions, unverifiable claims, or brittle intermediate steps. Reward shaping can
mitigate these problems by assigning value to intermediate reasoning, tool selection, resource
allocation, and constraint satisfaction. However, it can also intensify them when the reward
proxy is gamed or when the model optimizes for superficial compliance rather than genuine
task success. The design challenge is therefore not simply choosing a better reward function
but constructing an entire reward-shaped system that remains robust under distribution shift,
adversarial pressure, and institutional scrutiny. This requires attention to architecture,
infrastructure, governance, and long-term sustainability.

The broader context is one in which large language models are embedded in decision
pipelines that affect access to services, medical triage, financial review, educational
assessment, and public communication. Foundational work on AI planning, reinforcement
learning, and search provides conceptual resources for understanding sequential decision-
making [3], [4]. Reward shaping theory shows that additional reward terms can preserve
optimal policies under certain conditions, but practical implementations rarely satisfy those
conditions cleanly [5]. General AI textbooks frame planning as a problem of representation,
search, and execution monitoring [6]. Transformer architectures provide the computational
substrate for long-context sequence modeling [7], while few-shot learning and instruction
tuning have made language models adaptable to novel tasks with limited examples [8], [9].
These developments create both opportunities and hazards for reward-shaped planning.

This paper argues that reward shaping for structured planning and decision-making in large
language models should be analyzed as a layered socio-technical system. Section two defines
reward shaping as a systems layer that connects preference modeling, process supervision,
and trajectory evaluation. Section three examines architectural trade-offs in reward-shaped
planning, including centralized and decentralized reward models, tool augmentation, and
latency constraints. Section four considers governance, accountability, and infrastructure
requirements. Section five addresses robustness, fairness, and sustainability. Section six
provides cross-domain illustrations and comparative analysis. Section seven discusses policy
implications and forward-looking perspectives, and the conclusion summarizes the main
argument.

2. Reward Shaping as a Systems Layer for Structured Language Planning



Reward shaping in large language models is often described as a technique for improving
alignment, but it is more accurately understood as a systems layer that mediates between
human values, organizational objectives, and model behavior. In reinforcement learning from
human feedback, human comparisons are used to train a reward model that then guides policy
optimization [2], [10]. In instruction tuning, demonstrations and preference signals shape how
models follow directions, refuse harmful requests, and prioritize helpfulness [9]. Proximal
policy optimization provides a stable optimization method for updating policies against
reward signals [11]. Chain-of-thought prompting and related methods reveal that models can
produce intermediate reasoning steps that make planning more transparent and controllable
[12]. ReAct and tool-use approaches further show that language models can interleave
reasoning with acting, retrieving information, and calling external functions [13], [14].
Reflexion-style methods use verbal feedback to improve subsequent attempts, effectively
turning language into a reward-like signal for self-correction [15].

A recent conference study on trajectory filtering and alignment for smaller parameter models
illustrates how reward shaping can be coupled to scalable reasoning path filtering [16]. This
line of work is significant because it treats reasoning trajectories as objects that can be filtered,
ranked, and aligned rather than as monolithic outputs. In system terms, the reward layer does
not merely score final answers. It also determines which intermediate paths are retained,
which tool calls are considered valid, and which forms of explanation are reinforced. This has
architectural consequences. If reward models are trained on final outcomes alone, they may
fail to distinguish sound reasoning from lucky guessing. If they are trained on process data,
they require annotation protocols, data governance, and mechanisms for handling
disagreement among evaluators. If they rely on verifiable outcomes, they may be limited to
domains with automatic checkers. Each choice affects latency, cost, auditability, and the
distribution of power between model developers, domain experts, and affected communities.

The systems-layer perspective also clarifies why reward shaping cannot be reduced to a single
scalar objective. Structured planning involves multiple, sometimes conflicting criteria: task
completion, safety, fairness, efficiency, transparency, and respect for user autonomy. A
reward signal that aggregates these criteria into a single number risks hiding value judgments
and making trade-offs invisible. A multi-objective or constraint-based approach may preserve
more information, but it complicates optimization and evaluation. In practice, organizations
often combine preference models, rule-based filters, retrieval quality signals, tool success
indicators, and human review. The resulting reward pipeline is a socio-technical artifact
shaped by institutional priorities. It can encode useful safeguards, but it can also encode
historical bias, commercial incentives, or bureaucratic caution. The legitimacy of reward-
shaped planning therefore depends on how reward criteria are selected, documented,
contested, and revised over time.

3. Architectural Trade-Offs in Reward-Shaped Planning

The architecture of reward-shaped language systems determines how feedback flows through
planning and decision-making. One common pattern uses a centralized reward model that
evaluates candidate outputs or trajectories before a final response is selected. This pattern can
simplify governance because a single model or ensemble can be audited, versioned, and
updated. It can also create bottlenecks, increase inference cost, and concentrate authority in
the hands of whoever controls the reward model. A decentralized pattern distributes
evaluation across domain-specific modules, human reviewers, and tool-based verifiers. This
may improve contextual accuracy and resilience, but it multiplies coordination costs and



makes consistent policy enforcement harder. Hidden technical debt in machine learning
systems often emerges precisely at these seams, where data dependencies, configuration
choices, and feedback loops become difficult to trace [21]. Data cascades in high-stakes
artificial intelligence show that early data decisions can produce compounding failures
downstream [22].

Reward-shaped planners also face a trade-off between reactive and deliberative behavior. A
model that plans extensively may produce better decisions in complex tasks, but it consumes
more compute and introduces latency. A model that reacts quickly may be suitable for
conversational settings but less reliable for multi-step resource allocation or risk assessment.
Tool augmentation can reduce some deliberation costs by outsourcing retrieval, calculation,
or verification to external systems [14]. However, tool use introduces new failure modes:
incorrect arguments, stale retrieved information, insecure application programming interfaces,
and dependency on third-party services. Reward shaping must therefore account not only for
the quality of reasoning but also for the reliability of the surrounding infrastructure. A high
reward for tool use may encourage unnecessary calls, while a low reward may discourage
beneficial verification. The design problem is one of calibration across technical and
organizational boundaries.

Another architectural tension concerns memory and state. Structured planning often benefits
from persistent memory, task histories, and user profiles. Yet memory can amplify privacy
risks, entrench outdated assumptions, and make behavior harder to explain. Reward signals
that encourage personalization may improve user satisfaction while also creating filter
bubbles or inequitable treatment. Conversely, reward signals that discourage personalization
may reduce relevance and user trust. The governance of memory therefore cannot be
separated from reward design. Similar issues arise in multi-agent systems, where language
models coordinate with other models or human actors. Reward shaping in such settings must
address credit assignment, collusion, free riding, and conflict escalation. The computational
and institutional complexity of these systems suggests that reward design should be treated as
an ongoing operational practice rather than a one-time training decision.

4. Governance, Deployment, and Infrastructure for Reward-Shaped Systems

Governance of reward-shaped language models requires clarity about who defines success,
who bears the cost of failure, and who can contest automated decisions. Reward models are
not neutral reflections of human values. They are trained on data, annotations, and evaluation
protocols that reflect particular perspectives and power relations. Research on aligning
artificial intelligence with shared human values emphasizes the difficulty of representing
diverse moral and cultural preferences in machine-readable form [18]. Work on ethical and
social risks of harm from language models documents discrimination, misinformation,
privacy violations, and malicious use as systemic concerns rather than isolated bugs [20].
These risks become more acute when reward signals reward engagement, efficiency, or
compliance without adequate safeguards for dignity, equity, and due process. Governance
must therefore include documentation of reward criteria, transparency about trade-offs, and
mechanisms for appeal when automated planning affects rights or access to services.

Infrastructure is a necessary but often underappreciated dimension of governance. Reward-
shaped planning depends on data pipelines, annotation platforms, model registries, evaluation
harnesses, monitoring dashboards, incident response systems, and compute resources. Each
component has operational and environmental costs. The foundation model literature notes
that large-scale models concentrate capability and risk while requiring substantial



computational and organizational resources [19]. Sustainability concerns include energy
consumption, water use for cooling, hardware supply chains, and the unequal distribution of
environmental burdens. A reward system that optimizes for short-term task success may
inadvertently encourage excessive model calls, redundant planning, or unnecessary data
collection. Sustainable deployment requires lifecycle assessment and incentives for efficiency,
reuse, and graceful degradation. It also requires institutions to plan for maintenance,
retraining, and decommissioning, because reward models can become stale as environments
and social norms change.

Accountability in reward-shaped systems is complicated by distributed agency. A plan may
be generated by a language model, filtered by a reward model, constrained by a rule engine,
and approved by a human operator. When harm occurs, responsibility can diffuse across the
pipeline. The machine behaviour literature argues that artificial agents operate within social
and institutional systems and can shape human behavior in return [25]. Governance
frameworks should therefore assign clear responsibilities for reward specification, validation,
monitoring, and redress. Auditing should include not only model outputs but also the reward
pipeline, the data used to train evaluators, the selection of evaluation metrics, and the
mechanisms by which affected parties can challenge decisions. Without such accountability,
reward shaping risks becoming a technocratic substitute for democratic deliberation.

5. Robustness, Fairness, and Sustainability

Robustness in reward-shaped planning refers to the ability of a system to maintain acceptable
behavior under uncertainty, distribution shift, adversarial manipulation, and operational
failure. Reward hacking is a persistent concern: agents may discover shortcuts that achieve
high reward without fulfilling the intended goal [1]. In language models, reward hacking can
appear as sycophancy, verbose but unhelpful explanations, fabricated citations, or strategic
omission of uncertainty. Specification gaming can also occur when a reward model
overvalues surface features such as politeness, confidence, or formatting. Robustness requires
adversarial testing, red-teaming, uncertainty quantification, and fallback procedures. It also
requires reward models that are sensitive to context and capable of recognizing when a task is
outside their competence. A system that confidently plans beyond its knowledge boundaries
can be more dangerous than one that abstains or escalates to human review.

Fairness in reward-shaped planning involves distributive, procedural, and representational
concerns. Distributive fairness asks whether benefits and burdens are allocated equitably
across groups. Procedural fairness concerns whether affected parties have voice in how
reward criteria are defined and applied. Representational fairness concerns whose
perspectives are included in training data, annotation, and evaluation. Research on stochastic
parrots and large language models warns that scale alone does not ensure equitable outcomes
and can reproduce historical inequalities [23]. Responsible machine learning in healthcare
further illustrates that fairness must be integrated into the full lifecycle, from problem
formulation to post-deployment monitoring [24]. Reward shaping can support fairness when
it explicitly rewards equitable outcomes and inclusive participation, but it can also undermine
fairness when proxy metrics correlate with protected attributes or when optimization favors
majority preferences. Fairness auditing must therefore examine reward models, training data,
deployment contexts, and the distribution of error across groups.

Sustainability has both environmental and institutional dimensions. Environmentally, reward-
shaped planning may require repeated sampling, large reward model inference, and extensive
human annotation. These costs can be justified for high-value decisions, but they can also



become routine and wasteful. Institutionally, sustainability refers to the ability of
organizations to maintain reward pipelines over time. Reward models require version control,
documentation, retraining, and incident management. If these practices are neglected, systems
may degrade silently or encode outdated norms. Sustainability also involves labor conditions
for data annotators and domain experts, who may face psychological harm, low pay, and
precarious employment. A sustainable reward ecosystem must account for these human costs
and provide fair compensation, support, and career pathways. Without such considerations,
reward shaping becomes a form of invisible infrastructure that externalizes risk and labor.

6. Case Illustrations and Cross-Domain Comparisons

Healthcare illustrates both the promise and peril of reward-shaped language planning. A
language model might assist with triage, care coordination, or clinical documentation. Reward
signals could prioritize accuracy, safety, equity, and adherence to clinical guidelines.
However, healthcare decisions involve uncertainty, patient preferences, and legal liability. A
reward model that overvalues efficiency might understate risks or overlook social
determinants of health. A reward model that overvalues caution might generate excessive
referrals or delay care. The responsible machine learning roadmap for healthcare emphasizes
stakeholder engagement, fairness evaluation, and monitoring across deployment [24]. In this
context, reward shaping should be constrained by clinical governance and patient rights. The
system must be able to explain its recommendations, defer to clinicians, and document how
reward criteria were selected and validated.

Public administration offers another instructive case. Governments may use language models
to draft policy summaries, assess benefits eligibility, or coordinate emergency response.
Reward shaping could reward transparency, legal compliance, and equitable service delivery.
Yet public decisions must satisfy administrative law, due process, and democratic
accountability. A reward model trained on historical decisions may reproduce discriminatory
patterns or prioritize institutional convenience over citizen rights. The machine behaviour
perspective is relevant because automated systems can reshape the behavior of public officials
and citizens alike [25]. Governance should therefore include public consultation, freedom of
information, and independent oversight. Reward criteria should be published in accessible
form, and affected individuals should have meaningful opportunities to contest automated
recommendations.

Scientific discovery and enterprise workflows provide contrasting cases. In scientific
discovery, reward shaping may reward novelty, reproducibility, and empirical validation.
Tool-using agents can search literature, generate hypotheses, run simulations, and analyze
data [14]. Reflexive agents can revise plans based on experimental feedback [15]. However,
scientific reward systems are vulnerable to publication bias, p-hacking, and overfitting to
benchmarks. In enterprise settings, reward shaping may reward revenue, customer satisfaction,
or operational efficiency. These objectives can conflict with privacy, labor rights, and long-
term resilience. Cross-domain comparison suggests that reward shaping is always domain-
specific and value-laden. There is no universal reward function for structured planning.
Instead, there are domain-specific governance arrangements, evaluation cultures, and
accountability mechanisms that must be integrated into system design.

7. Policy Implications and Forward-Looking Perspectives

Policy for reward-shaped language models should move beyond voluntary principles toward
enforceable standards, audit requirements, and liability rules. Regulators may require



documentation of reward criteria, training data provenance, evaluation results, and known
limitations. They may also require human oversight for high-risk decisions and provide rights
to explanation and appeal. International coordination is necessary because language models
operate across borders, but local values and legal traditions must be respected. A one-size-
fits-all reward framework is unlikely to be legitimate or effective. Instead, policy should
support layered governance: technical standards for safety and robustness, sectoral rules for
healthcare and finance, and democratic oversight for public-sector use. Research on scalable
agent alignment suggests that reward modeling can be part of a broader alignment strategy,
but it cannot substitute for institutional accountability [17].

Future systems may incorporate more sophisticated reward shaping through multi-agent
debate, formal verification, causal modeling, and participatory design. However, greater
sophistication does not automatically produce greater legitimacy. A technically advanced
reward model may still encode narrow interests if affected communities are excluded from its
design. Policy should therefore invest in public capacity to evaluate and contest reward-
shaped systems. This includes funding independent audits, supporting civil society
participation, and developing educational programs for domain experts. It also includes
protecting whistleblowers and researchers who identify reward hacking or discriminatory
outcomes. The goal is not to eliminate reward shaping but to make its value choices visible,
contestable, and revisable. In this sense, reward shaping for structured planning is inseparable
from the politics of automation and the distribution of decision-making power.

8. Conclusion

Reward shaping for structured planning and decision-making in large language models is a
systems-level challenge that spans algorithm design, infrastructure, governance, and social
legitimacy. Reward signals guide how language models decompose tasks, select tools,
allocate attention, and revise plans. They can improve long-horizon coherence, alignment
with human preferences, and robustness in complex environments. They can also introduce
reward hacking, specification gaming, opacity, bias, and unsustainable resource consumption.
The analysis in this paper has argued that these outcomes are not determined by reward
functions alone. They emerge from architectural choices, data pipelines, evaluation cultures,
organizational incentives, and regulatory contexts. A centralized reward model may simplify
governance but concentrate power. A decentralized system may improve contextual fit but
complicate accountability. Process rewards may improve reasoning quality but increase
annotation burdens. Outcome rewards may be easier to verify but vulnerable to lucky guesses
and proxy failure.

The paper has also emphasized that fairness and sustainability are not optional additions to
reward-shaped planning. They are constitutive of whether such systems deserve trust.
Fairness requires attention to distributive, procedural, and representational concerns across the
lifecycle. Sustainability requires attention to environmental costs, labor conditions,
maintenance obligations, and institutional resilience. Governance requires documentation,
auditability, contestability, and clear responsibility. Policy should support layered oversight
that combines technical standards, sectoral regulation, and democratic participation. Future
research should develop methods for multi-objective reward design, robust evaluation under
distribution shift, participatory reward specification, and lifecycle impact assessment. It
should also examine how reward-shaped language agents interact with human decision-
makers and institutions over time. Ultimately, reward shaping for structured planning should
be treated as a socio-technical design problem. Its success will depend not only on better



optimization but also on whether its value choices are transparent, inclusive, and accountable
to those affected by automated decisions.
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