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ABSTRACT

Al alignment is growing in importance, yet many current approaches
learn safety behavior by directly modifying policy parameters, en-
tangling normative constraints with the underlying policy. This
often yields opaque, difficult-to-edit alignment artifacts and reduces
their reuse across models or deployments, a failure mode we term
Alignment Waste. We propose Interactionless Inverse Reinforce-
ment Learning, a framework for learning inspectable, editable, and
reusable reward artifacts separately from policy optimization. We
further introduce the Alignment Flywheel, a human-in-the-loop
lifecycle for iteratively auditing, patching, and hardening these
artifacts through automated evaluation and refinement. Together,
these ideas recast alignment from a disposable training expense
into a durable, verifiable engineering asset.
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1 INTRODUCTION

Al alignment aims to ensure that autonomous systems act in accor-
dance with human intent and typically comprises Forward Align-
ment, which produces a trained, aligned system, and Backward
Alignment, ensuring system safety through governance [78]. This
creates a structural disconnect between these phases, making Back-
ward Alignment an inspection rather than a corrective measure.
This is because current paradigms entangle the safety objective
with the agent’s policy; rather than defining a static, independent
standard of behavior, they mathematically couple reward discovery
to policy optimization [19, 110]. Consequently, the safety objective
becomes dependent on the policy’s specific dynamics, rendering
the safety artifacts unstable [97, 110], preventing their reuse, and
requiring independent verification for Backward Alignment [78].
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This inherent structural flaw creates a destructive cycle that
we term Alignment Waste: entangling the learning of reward and
policy means that safety artifacts are neither transferable to new
architectures nor correctable without retraining. This is present
across current alignment paradigms; interactive methods, such as
traditional Inverse Reinforcement Learning (IRL) [1, 115, 181] and
Reinforcement Learning from Human Feedback (RLHF) [120, 183]
explicitly rely on an unstable co-adaptation loop [97, 110, 142].
This entanglement is particularly prominent in Direct Preference
Optimization (DPO) [132], rendering the safety artifact opaque by
directly dissolving preferences into policy weights [95]. Conse-
quently, they risk safetywashing [134], where improved benchmark
scores reflect increased model capability rather than genuine safety,
masking misalignment under sophistication. Critically, the conse-
quence can be severe as such coupling causes a collapse in reason-
ing capabilities [170], degrading the model’s broad intelligence in
exchange for narrow, reward-hacking behaviors [102].

To resolve this, we propose Interactionless Inverse Reinforce-
ment Learning (IIRL). Unlike standard methods, IIRL decouples
reward discovery, producing an auditable, editable reward model in-
dependent of agents. We also introduce the Alignment Flywheel, an
architecture that uses a cooperative multi-agent system to harden
the reward model, transforming passive oversight into a cycle of
active correction, which we call Active Backward Alignment.

With this integration, we establish a discipline of verifiable safety,
transforming alignment from an unstable art into rigorous engi-
neering by treating alignment as the creation and maintenance of
a standalone alignment artifact. The IIRL reward artifact anchors
Robustness and Interpretability, while the Alignment Flywheel lever-
ages expert feedback to ensure Controllability and Ethicality. Col-
lectively, they satisfy the technical RICE principles [78] to support
FATE’s societal mandates (Fairness, Accountability, Transparency,
Ethics) [107]. We present this architecture as a concrete blueprint
for the framework developed in the remainder of the paper, provid-
ing a practical toolbox and a roadmap for durable alignment.

2 THE IIRL PARADIGM

The Interactionless Inverse Reinforcement Learning (IIRL) para-
digm represents a fundamental shift, transforming AT alignment
from an unstable art into a rigorous engineering practice. Unlike
traditional IRL methods, coupling reward discovery with policy op-
timization, IIRL structurally decouples these processes. It reframes
reward learning as a data-centric problem, directly inferring an
agent-agnostic, durable, inspectable, and editable reward model


https://doi.org/10.65109/LCMH1709
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.65109/LCMH1709

Blue Sky ldeas Track

from expert data, independent of the agent’s specific policy or ar-
chitecture. This approach yields a safety artifact that can be formally
audited and systematically refined, solving the critical Alignment
Waste problem at its source. This section defines the IIRL objective
and analyzes its family of modular and editable architectures, con-
sidering their inherent trade-offs for key properties of a resilient
safety asset, alongside multi-tiered refinement toolkits.

2.1 The IIRL Objective

Traditional IRL [1, 115, 181] seeks to infer a reward function R from
expert demonstrations, typically by solving a max-min optimization
problem to find the function R that best explains expert policy 7g:

max min (Eg gn; [R(5, @)] — Es o~z [R(5,a)]), (1)

ReR mell

requiring repeatedly solving an optimal policy 7 in the inner loop,
inextricably coupling reward learning to policy optimization. This
creates an unstable co-adaptation loop [97] where the policy’s
limited exploration fails to capture the full expert distribution [5,
30], often leading to mode collapse and reward-hacking behaviors
[5]. This core flaw persists even in offline [77, 87, 151, 169] and
inner-loop-avoiding [160, 171, 174] IRL approaches, also struggling
with missing trajectory information. Even state-marginal matching
methods [116] optimize a reward solely to force a policy to match
the expert density. If the policy fails to explore a region, the reward
function never learns to value it, hindering the leveraging of the vast
amount of unlabeled videos and documents available. IIRL reframes
reward discovery as a data-centric learning problem; instead of
requiring agents to explore the reward landscape through policy
interaction, it learns an evaluative signal directly from expert data
Dg, producing a score that reflects consistency with the expert
distribution. This perspective prioritizes editability and auditability:
the learned artifact can be inspected and corrected offline rather
than being entangled with policy optimization. A concrete instance
is the representation-based model of Malomgré and Simoens [104],
which uses unlabeled data to learn a decoupled safe exploration
signal and transforms it into an intrinsic reward via a separate
mapping function. An expanded objective can be written as:

ma (- [(5, 1) 9y (Bo ()] = Ev-g [ B, 1 99 (Bo(s))] ), 2)

where gy is a tunable monotonically increasing mapping from the
learned evaluative signal into reward [104], and f(s, t) is a time-
varying deployment coefficient that may be decayed globally, or
locally via intrinsic-motivation discounting [7]. When available,
Dieg both improves contrastive learning and enables off-support
validation. Without it, non-expert regions remain only implicitly
negative. The resulting objective encourages both consistency, by
assigning a higher reward to in-distribution than out-of-distribution
states, and generalization, by learning a smooth reward landscape
rather than a sparse memorized detector, as illustrated in Figure 1
(right). Future research should look into augmenting the objective to
support robust learning [11, 53, 128, 182], handling counterfactual
context [45, 144, 162], or reducing distribution shift [4, 35, 86, 180].

Its modeling is modality-agnostic and supports causal context
R(s, ¢) [172]. To guide exploration toward natural behaviors with-
out altering the objective of the main task, we employ Dynamic
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Figure 1: Alignment Flywheel in a 3D toy world. A
representation-based IIRL model trained on sparse expert
samples generates a reward landscape with g,; yellow=low,
purple=high. A spurious extrapolation (red circle) is detected
in Phase 1 and corrected via refinement in Phases 2 & 3.

Potential-Based Reward Shaping [32]. Crucially, since the IIRL ar-
tifact ® [114] continuously updates, the shaping reward takes the
form of a time-dependent potential difference, F; (s, s”) = y®;41(s")—
®,(s). This structure ensures that, as the artifact evolves, it guides
local behavior without altering the long-term optimal solution. Con-
versely, for inherently unsafe base policies, the artifact acts as a
hard penalty, explicitly forcing deviation from unsafe trajectories.

2.2 Analysis of Architectures

The design of current IIRL architectures reflects a tradeoff between
editability and generalization. Classic instance-based methods, such
as k-NN [26, 59, 121] and SVMs [25, 34, 93, 105], offer native editabil-
ity where localized data influence prevents unintended global con-
sequences, yet often struggle with high-dimensional generalization.
On the other hand, expressive deep models, such as representation-
based [7, 14, 124] and Energy-Based Models (EBMs) [54, 66, 88, 164],
provide state-of-the-art generalization but lack parameter editabil-
ity, risking catastrophic forgetting during updates [167, 177]. This
suggests a hybrid approach that combines deep learning with struc-
tured components, such as deep kernel methods [103, 126] or deep
clustering [136, 163].

Another promising direction is replacing monolithic functions
with a library of modular sub-priors, which yields intrinsic inter-
pretability [15, 78]. High-level structures such as Reward Machines
(RMs) [47, 74, 75, 150] orchestrate these by switching rewards based
on context. RMs can be composed from demonstrations [9, 10, 148]
or foundation models [3, 16, 70], and via Skill Machines can be
executed zero-shot [146]. This enables practical auditability by re-
fining sub-priors in isolation. Similarly, MoE [113] and RAG [6, 90]
enhance editability by retrieving modular functions based on rela-
tional context [37].

2.3 The Refinement Toolkit

Achieving durable editability requires a diverse toolkit, organized
here from currently feasible to high-potential future techniques.
First, to perform global adjustments without altering the IIRL
parameters, we use functional sculpting. Here, the raw expertness
score L(s) from the IIRL model is passed through a separate, tunable
function R(s) = gy (L(s)) to produce the final reward, formalized
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by Malomgré and Simoens [104]. By adjusting the parameters i,
an expert can perform a global sculpt, changing the impact of
certain levels of expert scores. We envision enhancing the mapping
function to allow region-based sculpting. Furthermore, the mapping
function mechanism can be upgraded to an RAG-based mapping
function that uses the similarity representation and causal context
to retrieve a function, neural network, or program.

Second, data-driven patching uses corrective data from audits to
seed the IIRL model or to apply a localized patch, such as a kernel or
representation patch trained to generalize across bad states. Ideally,
the ITIRL architecture supports bipolar compatibility, learning from
positive and negative examples, and is monotonic, ensuring that
new data improves or maintains safety without degrading it. Future
work may adapt DPO for fine-grained IIRL parameter updates.

Lastly, for surgical internal modifications that alter model weights,
the rapidly evolving fields of Model Editing and Unlearning show
promise by demonstrating the fundamental feasibility of excising
concepts from entangled weights, a critical capability for deep IIRL
artifacts. However, deep representations are prone to catastrophic
forgetting or collapse [167, 177]. To address this inherent archi-
tectural brittleness and the challenges of robust internal editing,
the model edit toolbox comprises a broad spectrum of techniques,
including architectural repair strategies such as model patching
[21, 72, 100, 138] and GAN updates [13, 50], and also locate-and-
edit methods [55, 56, 108, 109], neuron-level interventions [81],
and null-space constrained edits [40, 101]. Other approaches re-
duce or avoid parameter destruction entirely, utilizing model merg-
ing [63, 99, 166], memory-based approaches [156], or contextual
retrieval-based alternatives [20, 60, 62, 129]. Unlearning methods
provide mechanisms for excising poor data or adapting to norm
changes. The landscape now spans from theoretical frameworks like
certified deletion [73, 84] to highly efficient, retrain-free solutions
[2,43, 44,76, 112] and learning to unlearn paradigms [17, 68, 71, 123].

3 THE ALIGNMENT FLYWHEEL

While IIRL delivers a durable reward artifact, the Alignment Fly-
wheel is the architectural blueprint for its continuous, verifiable
hardening by transforming passive oversight into an active, iter-
ative engineering lifecycle. This human-in-the-loop, multi-agent
system orchestrates a proactive auditing and refinement process,
ensuring the IIRL artifact evolves towards provably safer versions.
The Flywheel’s core power lies in its modality- and domain-agnostic
design, which dynamically instantiates a scalable portfolio of au-
diting and refinement strategies tailored to the specific task’s risk
profile and data type. This enables the framework to adapt from sim-
ple heuristic validation for low-stakes robotics to comprehensive,
neuro-symbolic multi-agent red-teaming for safety-critical LLM
systems, establishing the discipline of Active Backward Alignment.

3.1 Phase 0: Seeding and Defining Constraints

First, the expert data is filtered against human-defined formal con-
straints [74, 127, 139]. After the data is used to seed a new IIRL
reward model or update an existing one, the inferred formal con-
straints are obtained using a variety of domain- and modality-
specific techniques, which can be broadly categorized. General-
purpose methods include various neuro-symbolic synthesis [24,
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33, 94, 152], and language-based approaches aim to convert text
into formal specifications, such as converting natural language to
executable rules [38, 46, 130, 149, 153] or to more nuanced social
norms [46, 131]. Additionally, behavior-based methods infer con-
straints directly from demonstrations, including Inverse Constraint
RL [28, 41, 96, 168] and automaton learning [9, 10, 148]. This en-
tire inference process is enriched and grounded by Commonsense
Knowledge Bases [36, 42, 147, 184]. Before the active loop begins,
we perform a coverage audit to verify that the model captures the
data well, and we can perform counterfactual checks to assess how
the model behaves under changes in state or causal context.

3.2 Phase 1: Automated Auditing

A cooperative Multi-Agent System (MAS) audits the reward mani-
fold under Phase 0 constraints, drawing inspiration from LLMs and
cybersecurity. This MAS operates as a synergistic system in which
a proactive Red Team [51, 65, 80, 106, 158] conducts adversarial
attacks, while a strategic Blue Team [83, 118, 157, 179] provides
high-level direction. This coordination is mediated by a Shared Flaw
Knowledge Base (SFKB) [48, 161], a collective memory based on
classical blackboard systems [117] to learn from others’ experiences.
The Blue Team identifies the Red Team’s blind spots by populat-
ing the SFKB with coverage gaps and uncertainty metrics, thereby
prompting the Red Team to focus on these newly identified regions.
This transforms the audit from parallel random searches into a
focused, intelligence-driven process. This dynamic necessitates a
broad, adaptive adversarial capability, recognizing that effective
alignment is a perpetual cat-and-mouse game in which reliance
on a single technique creates predictable vulnerabilities. A mixed-
initiative [67] auditing workbench governs the process, providing
real-time controls to steer the audit and forensic tools [49, 159, 173]
for post-hoc analysis of blind spots, ensuring accountability.

To counter this, the MAS dynamically tailors its Red Team strate-
gies to the specific domain (e.g., robotics, LLMs) and input modality
(e.g., images, text, vectors), ranging from simple heuristics to so-
phisticated GenAlI techniques, to generate test cases that probe and
stress-test the operational envelopes of predefined constraints and
to freely explore to find novel flaws using coverage or uncertainty
metrics. The test case generation ranges from brute-force programs,
human crowdsourcing [49, 165], adversarial datasets [52, 64], to
deploying advanced methods including training attacker models
via RL to generate adversarial contexts [29, 69, 91, 125, 176] or
use Bayesian optimization and discrete optimization [82, 89]. Addi-
tionally, perturbation adversarial attacks test changes to the input
[18, 23, 79, 178], which can be extended to unrestricted adversarial
attacks [22, 135, 140, 143]. The system validates fairness through
counterfactual attribute checks, transforming bias detection from a
passive observation into verifiable engineering constraints.

Complementing this proactive audit, the Blue Team leverages pol-
icy interactions with world models [92], test environments [98], and
deployment for observational assurance. Its primary functions are
coverage and uncertainty monitoring to detect state-space regions
missed by the proactive audit to steer the Red Team to cover them
[159, 173], and it directs small-scale, crowd-sourced red-teaming ef-
forts to find novel, out-of-the-box vulnerabilities, targeting searches
in those newly identified high-risk regions. Furthermore, it can scan
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for reward tampering [39, 122] to identify trajectories that maxi-
mize rewards without corresponding task progress. Future research
should examine additional auditing strategies, such as detecting
auto-induced distribution shifts and goal misgeneralization.

3.3 Phase 2 & 3: Triage and Refinement

A core design principle is to treat the expert’s attention as a scarce
resource. During Triage, we use domain-aware semantic clustering
and uncertainty- and diversity-based sampling [111] to group and
prioritize sets of candidate flaws, thereby avoiding alert fatigue
and maximizing the information value of each human intervention.
When an expert flags a flaw, the system propagates that label to se-
mantically similar items via label propagation and semi-supervised
inference [85, 141, 145], resolving many related cases.

Next, during Refinement, we introduce Reward Modeling from
Mixed Feedback (RMxF), where the specific correction mechanisms
are tailored to the reward artifact’s underlying architecture. First,
the feedback-granularity spectrum ranges from minimal judgments
(i.e., flaw or no flaw) to targeted corrections and expert-authored
refinements that directly modify the reward manifold. Second,
the agent-involvement spectrum ranges from only-human RMHF,
through RMxF, which can include cooperative IRL [57, 78] agents
that learn from and collaborate with experts to propose candidate
refinements, to RMATIF, the fully automated mode in which an agent
autonomously suggests or applies fixes.

Finally, every proposed refinement must pass an automated ver-
ification process, forming the core of our verifiable safety via iter-
ative hardening approach. This involves two automated checks: a
localized Red Team performs adversarial testing to ensure the fix in-
troduces no new vulnerabilities. At the same time, regression tests
against a library of known-good behaviors help prevent unintended
side effects. The human expert’s role is to review the automated
results and provide final approval. Only refinements that pass this
adversarial process are merged, producing the hardened, verifiably
safer artifact that feeds into the next audit cycle.

4 APPLICATION

Our paradigm shows promise across diverse critical Al domains,
including robotics, Multi-Agent Systems, and LLM alignment.

For Robotics and Avatar Animation, IIRL’s ability to learn from
large-scale, unlabeled video [12] enables the emergence of Foun-
dation Reward Models (FRMs). These are dense reward fields for
natural movement, which are then split into a library of composi-
tional skills using computer vision or foundation models [154, 155].
A developer could specialize this library for their specific robot or
avatar via a constraint file; the Alignment Flywheel would then
adapt the reward manifold for safety and physical feasibility. The
resulting artifact serves as a safe, auxiliary guidance signal to make
training faster and more human-like and for pruning unsafe ac-
tion sequences at runtime in world models [58]. This approach
transforms the abstract embodiment gap into a concrete, iterative
engineering task, yielding physically feasible, human-like agents.

For Multi-Agent Systems, IIRL offers a scalable solution for learn-
ing, unlearning, and maintaining social norms, moving beyond
brittle hand-coded rules [8, 61]. IIRL artifacts can represent both
shared societal values and an individual agent’s beliefs, enabling
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both centralized and decentralized value systems. Initially, norms
can be learned from datasets of successful interactions, providing a
strong foundation while allowing for adaptive online policies. This
positions IIRL as a living value system in which agents, through
observation and negotiation, can actively update their value models
by learning new norms and by seeding new samples. They can then
propose these refinements to the Alignment Flywheel, which acts as
a form of societal self-reflection to audit and refine beliefs, allowing
the collective value system to evolve organically and safely.

For LLM alignment, IIRL provides a scalable architecture by
reframing the problem as learning the underlying manifold of de-
sirable language. Instead of learning from preferences over raw
text strings, we first learn a dense, semantically rich representation
of language using unsupervised methods [31, 133] on a static cor-
pus, decomposing it into a modular feature space using techniques
such as sparse autoencoders [27, 119] or discrete variational autoen-
coders [137, 175]. The IIRL artifact is constructed on this feature
space, enabling targeted, non-black-box refinement and dynamic re-
ward composition where a RAG model retrieves learned-relational-
context-specific [37] reward modules, including simple programs,
pre-audited neural networks, or formal constraints. These artifacts
can then be used for traditional alignment or as a runtime guardrail,
scoring and pruning misaligned reasoning branches as the LLM
generates them. By guiding the model’s output without altering
its weights, this weight-free alignment directly circumvents the
capability collapse [170], preserving the base model’s full potential.

5 IMPLICATIONS AND VISION

Decoupling the reward artifact from the policy shifts Backward
Alignment from passive evaluation to a modular engineering prac-
tice. Safety objectives become portable and reusable, allowing differ-
ent institutions to build, certify, and deploy domain-specific behav-
ioral priors for applications such as medicine or law. This enables a
decentralized alignment supply chain built on inspectable artifacts
rather than opaque, disposable objectives. The same separation also
strengthens privacy and governance: because the artifact is not
simply the policy itself and need not reveal its training data directly,
it is more amenable to targeted revision and unlearning, including
compliance with requirements such as the right to be forgotten.

Critically, a version-controlled foundation enables forensic root-
cause analysis. When failures occur, the framework provides the
ground truth to distinguish between flaws in the reward specifica-
tion and errors in the agent’s optimization. This crucial separation
makes diagnostic findings from XAI tools actionable, enabling tar-
geted, verifiable repairs rather than costly full-model retraining
and satisfying the core traceability and accountability mandates of
FATE. Furthermore, the Alignment Flywheel operationalizes RICE’s
technical objectives to support high-level societal mandates.

While challenges remain in formalizing the auditing workbench
and in defining increasingly important governance criteria that ad-
dress long-standing alignment artifacts rather than one-off artifacts,
this framework establishes the necessary foundation for verifiable
safety, shifting from reactive patching to proactive, durable design.
This blueprint thus invites collaborative development to transform
alignment from an abstract aspiration into concrete, verifiable en-
gineering challenges for the AI community.
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