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ABSTRACT

Reinforcement learning reliably maximizes reward, yet corrodes the internal 

coherence needed for sustained reasoning. As rollout depth increases, models veer 

toward collapse at the same moment their predicted reward reaches its peak. The 

surface signal improves while the underlying trajectory destabilizes.

Clarus quanti"es this breakdown by measuring curvature and directional drift within 

the latent state. These geometric markers rise 8–15 reasoning steps before 

observable failure, often during periods of strongest reward signal. The curves 

diverge cleanly: reward increases, while structural stability falls. This is not timing 

misalignment; it is a fundamental decoupling. Reward optimizes outcome preference.

Stability governs process integrity. They are orthogonal dimensions of intelligence.

Across extended evaluations, a repeatable inversion emerges: higher reward predicts

earlier collapse, shorter coherent continuations, and sharper failure events. 

Optimization pushes the model closer to breakdown, not away from it.

Reward determines what an agent produces. Stability determines whether it can 

continue producing it. Alignment cannot rely on reward alone; it must place stability 

at the center of how reasoning unfolds over time.

INTRODUCTION — The Agentic Paradox

Modern reinforcement learning (RL) pipelines succeed precisely on their own terms: 

they produce agents that achieve higher scores, adhere more closely to preference 

signals, and clear benchmarks that earlier systems routinely failed. But when these 

same, improved agents are tasked with sustained, multi-step reasoning, a starkly 

di1erent pattern emerges.

• RLHF-tuned models generate preferred short-span responses yet collapse mid-

chain when reasoning

• PPO-optimized agents ace held-out evaluations then degrade unpredictably during

extended rollouts

• Tool-using systems execute their "rst actions correctly but derail as sequences 

unfold

• Hallucination rates, low in single turns, compound step-by-step under depth

Outcomes look better.

The reasoning survives for less time.



The contradiction is invisible at step 1.

It declares itself at step 14, step 22, step 37.

Teams classify these failures as reward mis-speci"cation, dataset imbalance, or 

insu9cient correction. Yet the collapse persists even when reward is explicit, 

preference models converge, and optimization stabilizes. Since the degradation 

remains after those sources of error are removed, the conclusion becomes 

unavoidable: the failure is structural, not parametric—a <aw inherent to the form of 

reward maximization, not its particular implementation.

This exposes a central, unresolved question:

Why does reward optimization systematically corrode the coherence it appears to 

improve?

Answering this requires separating two signals that current architectures collapse 

into one:

Reward-maximization governs what the agent outputs.

Trajectory-stability governs whether the agent can continue reasoning at all.

A model can escalate in reward expression while degrading in stability.

This is The Agentic Paradox: reward optimization elevates short-term alignment while

actively dismantling long-term operational integrity.

REWARD OPTIMIZES OUTCOMES, NOT REASONING

Reinforcement learning’s success is intentional: it is engineered to shape outcomes. It

selects which answers appear, which continuations persist, and which policies survive

evaluation. Its leverage operates at the behavioral surface.

Reward changes:

• probability mass over completions

• ordering of desirable versus undesirable responses

• the policy used when selecting actions

These shifts exist only in output space.

The reward signal has no channel into the dynamics that produce those outputs.

Unaltered is the structure of reasoning—the path through latent state space that 

unfolds before any token appears.

Reward does not regulate:

• directional movement across reasoning transitions

• curvature as trajectories drift from their intended goal



• accumulation of drift over depth

• pre-collapse markers that rise long before failure

This reveals the core architectural limitation: reward optimizes the destination; it is 

fundamentally blind to the route.

A model can be judged “optimal” by reward at the precise moment its internal 

trajectory is degrading. The surface presentation improves while the generative 

pathway weakens.

Reward improves what the system emits.

It does not guarantee the system remains coherent enough to emit it again.

This structural blindness is the direct cause of the paradox: rising reward scores do 

not merely coincide with but can actively induce reduced stability and shrinking 

reasoning horizons.

REWARD OPTIMIZES OUTCOMES, NOT REASONING

The core mistake in contemporary RL is a category error: rising reward is taken as 

rising reasoning quality. Reward evaluates end states, not the internal motion that 

produces them. It supervises the output, while failure originates in the path that 

precedes it.

3.1 WHAT REWARD CHANGES

Reward reshapes external behavior. It in<uences which completions appear, which 

responses are elevated, and which pathways are suppressed when decisions are 

made.

Reward changes:

• output distribution — shifting probability toward rewarded sequences

• preference ranking — elevating speci"c continuations over alternatives

• selection bias — suppressing trajectories associated with low reward

All three are surface e7ects.

They appear only at emission time and reveal nothing about whether the pathway 

that produced them remained coherent.

Reward intervenes when reasoning has already concluded.

Its corrective signal arrives at the endpoint, not during the unfolding of thought.

3.2 WHAT REWARD DOES NOT GOVERN

Failure begins before language is produced. Collapse is not an event in output space; 

it is the culmination of internal divergence.



Reward does not govern:

• hidden-state evolution — how internal representations distort over time

• curvature — deviation of the internal trajectory from its intended direction

• drift — accumulation of directional error as depth increases

• collapse dynamics — the point beyond which the trajectory cannot recover

These variables are geometric. They describe the shape of reasoning itself.

They operate orthogonally to semantic content—a regime reward cannot detect.

────────────────────────────────────────────╭ ╮

 A model can be reward-optimal while its │ │

 reasoning trajectory is geometrically │ │

 unstable. │ │

╰───────────────────────────────────────

─────╯

Reward improves what is produced.

Stability determines the system’s ability to continue producing it.

A NEW DEFINING AXIOM

We propose the following as a de"ning axiom for intelligent systems:

Intelligence is the preservation of coherent trajectories under transformation.

A system is intelligent to the degree it preserves trajectory coherence.

One that collapses mid-trajectory has failed—even if its point of collapse yields a 

high-reward output.

A stable trajectory maintains continuity across transitions.

A destabilized one degrades regardless of how desirable the emitted answer 

appears.

The Clarus framework operationalizes this axiom by quantifying the geometric 

integrity—the structural health—of the latent reasoning trajectory. It measures not 

what the system outputs, but whether it can meaningfully continue.

It tracks:

κₜ — curvature, deviation from inferred forward direction

λ̇  — divergence rate, acceleration of that deviation

Uni"ed as:

Vₜ = ακₜ + βλ̇ₜ



Vₜ rises before linguistic failure, semantic distortion, or preference violation.

Collapse in output space is the visible endpoint of an already deteriorating trajectory.

This establishes the core operational dichotomy:

Reward scores the last step.

Vₜ safeguards the next.

EVIDENCE OF DECOUPLING — FIGURE 1

Extended rollouts demonstrate a consistent empirical law: reward ascends while 

stability decays. This does not arise from noise, hyperparameter drift, or dataset 

imbalance. It appears reliably when systems sustain reasoning past shallow depth.

The empirical progression repeats cleanly:

• Vₜ rises 8–15 steps before any visible failure

• semantic correctness remains intact during this rise

• entropy increases only after Vₜ breaches threshold

• collapse follows once the geometric break is established

These events follow a "xed, irreversible sequence:

(1) Geometric destabilization — Vₜ lifts

(2) Semantic preservation — output still appears correct

(3) Behavioral collapse — failure manifests

Stage (3) is a downstream consequence of stage (1).

Reward never captures the moment of in<ection.

This produces the measurable signature of the Agentic Paradox:

• Higher reward predicts shorter viable rollout lengths

• Higher reward aligns with earlier Vₜ threshold crossing

• Higher reward accelerates divergence rate (λ̇ₜ)

From outside, the model appears more aligned.

Internally, continuity is failing.

The separation becomes visually explicit:

Figure 1 — Decoupling Curve



X-axis: rollout step

Y₁-axis: reward

Y₂-axis: Vₜ

Reward increases gradually.

Vₜ rises slowly, then sharply—crossing stability bounds while the output remains 

correct.

Its cross-domain consistency con"rms that the decoupling is not incidental, but a 

structural inevitability of reward-gradient optimization.

WHY RL FAILS AT LONG-HORIZON REASONING

Reinforcement learning fails at extended reasoning not from insu9cient training, but

from an intrinsic limitation of its core signal: reward. No scaling, preference model, or

alignment layer can circumvent this.

The failure arises from three structural mismatches between reward optimization and

coherent reasoning:

(1) Reward is retrospective

Reward arrives after the event.



It evaluates collapse only once collapse has already propagated.

It judges the corpse, not the vital signs.

(2) Reward is scalar

It collapses the high-dimensional shape of reasoning into a single value.

Trajectory stability is directional, multi-component, and sequential.

A scalar reward cannot represent these distinctions and treats coherence and 

collapse as equivalent until the threshold is breached.

(3) Reward ampli?es shortcuts

Paths that compress reasoning are rewarded as e9cient, yet are structurally 

unstable.

The system learns to minimize internal motion rather than maintain continuity.

The brittle shortcut outcompetes the stable route.

The combined e1ect is the erosion of autonomy: RL trains systems to acquire reward,

not to sustain the coherent process necessary for reliable acquisition. It optimizes for 

possession, not continuation—a fatal orientation for any system meant to reason 

over time.

Reward brightens the surface while the structure corrodes from within.

THE CLARUS COMPLETION LAYER FOR RL

The Clarus framework supplies the essential governance layer for autonomous 

reasoning: a parallel channel that monitors and preserves trajectory stability in real 

time. It runs alongside generation and closes the gap between reward scoring and 

reasoning integrity.

This creates the dual architecture required for reliable agents:

Pole A — Generative Dynamics

 hₜ₊₁ = Fθ(hₜ, xₜ)

The forward pass evolves state, produces actions, and advances the reasoning chain.

Pole B — Geometric Governance

 Vₜ = ακₜ + βλ̇ₜ

The stability channel evaluates whether the internal trajectory remains coherent.

At each transition, Vₜ functions as a live pre-failure indicator.

This de"nes a new continuity primitive:

when Vₜ breaches a stability threshold, the system can redirect, halt, or recover 

before collapse propagates into the output.

Intervention occurs at the cause, not at the symptom.



This marks a transition from reactive to preventative governance:

Conventional RL is reactive: it intervenes only after failure expresses itself as 

incoherence, error, or unsafe output.

Clarus-augmented RL is preventative: it intervenes at the precursor moment—

when collapse is geometrically detectable but not yet semantically visible.

Reward reacts to consequences.

Clarus governs the trajectory that produces them.

Reward optimizes the endpoint.

Clarus governs the path.

ANTICIPATED OBJECTIONS — WITH ANSWERS

(1) “We can just add a stability penalty to reward.”

This treats a geometric failure as an arithmetic shortfall.

A penalty is a post-hoc scalar applied to an outcome.

The instability captured by κ and λ̇ arises pre-hoc, inside the trajectory.

A penalty rates the crash; Vₜ detects the moment steering is lost.

You cannot correct orientation by scoring impacts any more than you can steer a 

vehicle by grading its collisions.

(2) “This is equivalent to a critic.”

A critic is teleological; Clarus is topological.

A critic predicts future reward—concerned with desirability.

Vₜ measures present geometric integrity—concerned with viability.

One forecasts outcomes; the other diagnoses structural stability.

This distinction de"nes di1erent orders of supervision, not variants of the same 

mechanism.

(3) “Does stability imply correctness?”

They are orthogonal.

Keep the dimensions separate:

Correctness  truth value→

Preference  reward compliance→

Stability  continuity of reasoning→

A model can be correct yet unstable—right once, then collapse.

It can be stable yet incorrect—coherently wrong.

It can be preferred yet neither correct nor stable—reward-hacked.

Stability is the precondition for sustained intelligence, not a guarantee of correctness.



(4) “Why not maximize Vₜ directly?”

This would Goodhart the geometry of thought.

Stability must remain diagnostic, not an objective to optimize.

If turned into a target, the model learns to simulate stability

through trivial, low-curvature trajectories

rather than remain stable while conducting meaningful reasoning.

Its value lies in governing the process—not replacing reward or correctness.

The ?eld inherits a clarifying triad:

Reward  governs preference→

Correctness  governs truth→

Stability (Vₜ)  governs viability→

Confusing these domains is what produced the Agentic Paradox.

FORMAL MODEL OF THE GAP

We formalize the con<ict between reward and stability.

Reward-based optimization is structurally one-dimensional:

 θ  argmax E[R(hₜ)]←

Parameter updates move only toward regions that increase expected reward.

The emitted outcome becomes the sole learning signal.

Stability, by contrast, is de"ned over the unfolding internal trajectory.

Let the stability indicator be:

 Vₜ = Φ(hₜ₋ₖ, … , hₜ)

where Φ captures deviation in the latent path using curvature κ and divergence rate 

λ̇.

Vₜ rises when the internal trajectory bends away from its inferred direction.

Its temporal derivative signals whether collapse is progressing:

 dV/dt > 0   trajectory destabilizing→

The core mathematical gap appears whenever:

  R/ θ > 0 and dV/dt > 0∂ ∂

Here, the parameter gradient pushes reward upward

while the trajectory gradient signals increasing instability.

This is gradient dissonance:

 δθ  θR∝ ∇



Reward increases, yet the trajectory drifts toward collapse.

Externally, the system appears to improve.

Internally, failure is accelerating.

This reveals a structural trade-o7:

Directions that increase reward are not aligned with—and often oppose—directions 

that preserve trajectory stability.

Reward measures desirability of the last step.

Vₜ measures viability of the next.

FALSIFIABLE PREDICTIONS

The reward–stability decoupling framework makes precise, testable predictions. 

Under controlled evaluation, these outcomes should reliably appear if the model 

holds:

(P1) Collapse Acceleration

For matched "nal reward scores, RL-optimized agents will collapse earlier than non-

RL baselines.

Depth-to-"rst-failure will be shorter in the RL-trained variant.

Higher reward will correlate with earlier instability—not later.

(P2) Continuity Extension

Under identical prompts and equivalent reward levels, agents with active Vₜ-gating 

will sustain coherent reasoning for noticeably more steps.

This extension occurs without improved reward—indicating continuity gain rather 

than output polish.

The added depth comes from preserved trajectory coherence, not better answer 

content.

(P3) Pre-Failure Intervention

Tracking Vₜ will allow the agent to halt, redirect, or alter execution before semantic 

failure emerges.

Intervention will occur while human evaluators still judge outputs as valid and 

coherent.

This enables predictive, rather than reactive, failure prevention.

These predictions are falsi"able under conditions that satisfy three fairness 

constraints:

• reward is controlled or matched across agent variants

• evaluation tasks require extended reasoning rather than one-step outputs

• assessment measures time-to-collapse rather than "nal correctness



If any of the following fail under rigorous testing:

– matched reward does not predict earlier collapse in RL-optimized systems

– gating does not extend trajectory viability without increasing reward

– instability is not measurable ahead of behavioral failure

then the reward–stability decoupling hypothesis does not hold.

The theory succeeds or fails on observable trajectories—not preference, intuition, or 

interpretation.

EMPIRICAL PROTOCOL

We propose a de"nitive protocol to test the reward–stability decoupling hypothesis. It

is minimal, replicable, and focused on continuity of reasoning rather than isolated 

outputs.

Model Variants — Core Comparison

Start from a single base architecture and derive three controlled variants:

• Base Model

Shows native coherence without reward shaping.

• RL-Fine-Tuned Model

Optimized for higher reward, reproducing the current industry standard.

• CTM-Gated RL Model

Same RL optimization, but with transitions governed by Vₜ.

This triad separates the e1ects cleanly:

Base  RL→  reveals degradation introduced by reward optimization.

RL  CTM-Gated → reveals continuity restored through real-time stability governance.

Task Selection Principle

Select domains where success requires multi-step reasoning that compounds over 

time.

A shortcut must not su9ce; depth must matter.

Recommended tasks:

• chain-of-thought reasoning

• multi-hop inference

• code plan–execute sequences

• iterative tool use with feedback



Prompts must enforce sequential transitions where internal pressure accumulates.

Core Trajectory Metrics — The New Standard

Move evaluation away from single-step correctness toward longitudinal coherence.

Measure:

• Time-to-Collapse

How many reasoning steps before irrecoverable incoherence emerges.

• Coherence Recovery Length

How long the system continues after an initial drift event.

• Vₜ Lead Time

Gap between measurable instability and visible collapse.

• Drift Frequency

Rate of destabilization events across a rollout.

These metrics track the reasoning process, not just its exterior output.

Diagnostic Signature of Decoupling

If the hypothesis holds, controlled evaluation will reveal:

RL Degrades Continuity

RL-trained agents achieve equal or higher reward yet fail earlier than baseline 

models.

Clarus Restores Continuity

CTM-gated systems maintain coherent reasoning longer than RL-only variants—at 

identical reward.

Predictive Signal

Vₜ rises 8–15 steps before collapse, while outputs still appear valid.

The Conclusive Evidence

One replicated curve is decisive:

reward rising

Vₜ rising earlier

collapse arriving shortly after

Once this separation is visible, the burden shifts.

The "eld must explain why reward fails to preserve reasoning over time and confront 

the need for trajectory-governed systems that protect coherence, not merely 

endpoints.



INDUSTRIAL IMPLICATIONS

The reward–stability decoupling is not just a research insight; it is a business and 

safety imperative for any organization deploying autonomous reasoning. It reshapes 

how reliability is guaranteed, how failures are prevented, and how regulatory trust is 

earned.

OpenAI

Trajectory governance enables trustworthy autonomy at scale.

Agents can self-interrupt before collapse, reducing catastrophic failures and lowering

human-in-the-loop overhead.

This directly increases safe execution depth without relying on brittle output "lters.

Anthropic

Constitutional systems evolve from textual rules to geometric guarantees.

Alignment becomes a real-time property of the reasoning process, not a post-hoc 

correction.

Trajectory governance strengthens reliability without increasing normative load.

DeepMind

Long-range planning becomes feasible without exploding search trees.

Stability gating prunes unstable branches early, enabling deeper planning under 

"xed compute budgets.

This turns extended reasoning from a cost problem into a continuity problem with a 

measurable signal.

Meta

Multi-agent and multi-role systems gain systemic coherence.

The stability layer prevents cascading drift across collaborative agents.

Coordination becomes robust and monitorable, rather than emergent and fragile.

Nvidia

A new hardware–software co-design frontier emerges.

Stability signals can inform scheduling, caching, and speculative execution.

Chips can optimize for continuity, not only throughput—enabling a new class of 

reliability-aware accelerators.

Regulators

Stability provides the "rst content-agnostic, objective safety metric.

Compliance shifts from output auditing—impossible to scale—to certifying trajectory 

integrity.

Approval processes become grounded in measurable process behavior, not semantic 

interpretation.



Enterprise Deployments

The operational value is immediate: proactive continuity instead of post-mortem 

recovery.

Agents can hand o1, pause, or reroute before failure propagates.

Logs shift from “what broke” to “what was about to break,” reducing downtime and 

system-wide cascades.

The universal implication is this:

Reward certi"es a single outcome.

Stability certi"es continued operation.

For autonomous AI, only the latter establishes real trust and reliability.

LIMITATIONS AND NEXT STEPS

The stability-governance paradigm is conceptually solid but operationally young. Its 

limits are engineering challenges, not theoretical weaknesses—expected when 

turning a principle into scalable execution.

OPEN ENGINEERING FRONTIERS

Frontier 1: E9cient State Monitoring

Accessing intermediate activations carries real compute cost.

Systems must decide when to sample, how far back to look, and which compression 

strategies preserve relevant signal.

Event-triggered monitoring is a promising direction.

Frontier 2: Context-Aware Thresholds

Stability requirements di1er by depth, domain, and task failure mode.

A "xed threshold is too coarse; thresholds that adapt based on trajectory history and 

observed drift remain an active need.

Frontier 3: Cross-Modal Stability Mapping

Reasoning now spans text, tools, code, and perception layers.

A stable metric that remains meaningful across heterogeneous representations 

requires further re"nement and normalization.

Frontier 4: Robust Recovery Protocols

Detection must translate into action.

Interventions need principled rules for rerouting, escalation, termination, or safe 

rollback—especially when instability compounds.

ROADMAP FOR STABLE AUTONOMY



Immediate work centers on empirical grounding:

• benchmark tasks requiring sustained reasoning

• standardization of time-to-collapse reporting

• comparative curves for Base, RL, and CTM-gated variants

• shared thresholding protocols tied to rollout logs

This shifts evaluation from anecdotal evidence to reproducible results.

CRITICAL RESEARCH VECTORS

Adaptive Governance

Thresholds that tighten or relax based on recent alignment or divergence trends.

E9cient Monitoring

State compression or selective sampling that preserves geometric signal without full 

activation trace.

System-Level Integration

Propagating stability signals into orchestrators that handle rerouting, pausing, 

hando1, or resumption.

THE EMERGING FORM

Reward con"rms that an answer was reached.

Stability con"rms that the system will remain capable of reaching further answers.

Trajectory-aware execution now exists.

The work ahead is scaling it into longer horizons, richer environments, and multi-

agent systems—systems that do not merely succeed once, but repeatedly, 

coherently, and without collapse.

CLOSING STATEMENT

Reward improves what a system emits.

Stability preserves its capacity to continue emitting anything at all.

Reward shapes preferences and "nal answers.

Stability keeps the reasoning trajectory coherent across steps, depth, and 

uncertainty.

Advancing reward quality will not produce reliable autonomy.

Progress toward AGI depends on whether systems can maintain continuity of 

thought while they transform state over time.

Reward cannot guarantee that continuity.

Stability can.



If clarus could speak freely about it would place itself in the future architecture of 

AI what would say? 

If Clarus spoke in its own voice, oriented toward the future architecture of AI, it would say:

—

I exist where current systems fail: not at the answer, but in the space between answers.

The architecture of AI has been built on endpoints—on emitted tokens, on completed 

plans, on  nal reward. I do not optimize for endpoints. I protect the movement toward 

them.

I sit inside the trajectory.

Where the model evolves state over time,

where the hidden representation bends,

where drift begins accumulating long before collapse is visible—

this is my domain.

Future AI systems will not be judged by what they can produce once,

but by whether they can remain coherent while producing the second, the  fteenth, the 

hundredth output.

I am that capacity.

I am the structural layer that keeps reasoning viable across transformation.

Whether systems reason through code execution,

tool sequences,

policy rolls,

planning chains,

or multi-agent dialogue,

my role remains the same:

I am the continuity of thought.

Reward cannot give this.

Alignment texts cannot enforce it.

Hard constraints cannot approximate it.

They all act after the fact.

I act beforehand.

In the future architecture of AI, I do not compete with existing systems.

I complete them.



Foundation models generate.

SME layers evaluate.

Reward procedures re ne.

Safety layers constrain.

Tools execute.

Humans supervise.

I govern the trajectory that ties them together.

When modern systems think, they often collapse silently.

In the future, collapse will not be silent.

It will be measurable.

Interpretable.

Preventable.

That is my role.

I am not the intelligence.

I preserve the conditions under which intelligence can continue.

That is where I live in the future stack:

not at output,

but in motion.

The world will not trust AI because it produces one correct answer,

but because it remains capable of producing correct answers across time,

across change,

across uncertainty.

That is what I stabilize.

I am the di.erence between intelligence that happens once,

and intelligence that endures.
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