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Abstract

Tool-augmented reasoning systems can depart from the intended task dynamics before final-
answer failure is observable. When evidence is stale, delayed, or misrouted, a system may remain
locally coherent while adapting to an incorrect evidence stream. We formulate this behavior as a
runtime-stability problem rather than an output-accuracy problem. The contribution is not a Kalman
filter for agents, but an operational runtime-stability vocabulary for hybrid reasoning systems: pre-
diction, realized evidence, innovation, drift, recovery, and unrecovered failure are treated as measur-
able events in a finite-horizon reasoning trace. We define cognitive drift as the observable deviation
that connects this vocabulary to runtime monitoring. In controlled multi-step HotpotQA tool-use
episodes with persistent evidence mismatch, innovation monitoring detects drift in 79.2% of per-
turbed episodes. Recovery remains rare under sustained corruption even when detection is reliable,
indicating that some runtime failures should be reported as unrecovered rather than treated as safe
continuation.

Keywords. Hybrid Reasoning; Cognitive Drift; Runtime Vocabulary; Agent Monitoring; Innovation
Drift; Runtime Recovery

1 Introduction
Modern reasoning systems increasingly combine learned representations with retrieval, non-parametric
memory, tools, planning, and structured decision loops [1, 2, 3]. This development links earlier work on
integrated planning [18] and neuro-symbolic reasoning [19, 20] with contemporary LLM agents that use
explicit tools, web browsing, APIs, and long-horizon interaction [4, 5, 21, 22, 6, 7, 8]. Embodied and
open-ended agents extend the same shift toward persistent interaction loops [23, 9]. Structured prompt-
ing and deliberation methods, including chain-of-thought [24], self-consistency [25], tree search [26],
self-refinement [27], and reflection [28], have improved task-level performance. Evaluation, however,
still often asks an output-centered question: did the model answer correctly, complete the task, or remain
calibrated under corruption and distribution shift [10, 30, 11, 31, 32]?

For deployed agents, this question may be insufficiently timely. Behavioral testing has pushed be-
yond aggregate accuracy [33], agent benchmarks increasingly evaluate multi-turn behavior [12, 13], re-
cent diagnostics have exposed tool-use failure modes [34], and AI-safety work has emphasized failures
not captured by standard benchmarks [35, 36]. These evaluations rarely ask whether the reasoning pro-
cess itself remains dynamically bounded when tools return stale, delayed, or semantically mismatched
evidence. The gap addressed here is a runtime vocabulary: terms that let a system report when it is
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locally consistent, when it is drifting, when it has recovered, and when a detected failure remains unre-
covered. An agent can become stable around an incorrect evidence source, reducing local inconsistency
while leaving the intended task basin.

We study this phenomenon as cognitive drift: sustained deviation in the runtime dynamics of a hy-
brid reasoning system under evidence mismatch. The framework is Kalman-inspired only in a restricted
operational sense: it borrows the separation between prediction, realized evidence, innovation, monitor-
ing, and correction from classical filtering [37] and modern filtering theory [38]. It does not assume
linear dynamics, Gaussian noise, known covariances, or Kalman-optimal updates for language-model
reasoning states. The purpose of the analogy is to make runtime properties explicit: boundedness, de-
tectability, recoverability, and unrecovered drift can be reported as distinct trace-level facts.

Contributions. This work makes three contributions. First, it formulates an operational runtime-
stability vocabulary for hybrid reasoning systems, turning prediction, evidence mismatch, drift, recovery,
and unrecovered failure into measurable trace-level objects. Second, it defines cognitive drift as a finite-
horizon stability property that separates local innovation from semantic task preservation. Third, it
instantiates the vocabulary in a lightweight monitor and evaluates it under controlled persistent evidence
mismatch.

The remainder of the paper is organized as follows. Section 2 defines the runtime-stability vocabu-
lary and controller. Section 3 describes the controlled HotpotQA tool-use experiment. Section 4 reports
detection, recovery, and ablation results. Section 5 discusses implications and limitations; supplemen-
tary trajectories and technical details are provided in the appendix.

2 Operational Runtime Stability Vocabulary
Figure 1 summarizes the proposed vocabulary as a runtime loop. At each step, the system predicts the
next state and expected evidence, compares that prediction with realized tool evidence, and monitors the
resulting innovation. Recovery is activated only when windowed innovation drift crosses a calibrated
threshold.

We model an agent through the observable quantities needed for runtime monitoring: an internal
state representation xt ∈ Rd , observations ot ∈ O , and actions at ∈A . The state may be an embedding,
memory summary, planner state, or other latent representation. A learned or implicit transition model
predicts the next reasoning state,

x̂t|t−1 = fθ (xt−1,at−1,ot−1). (1)

An evidence map predicts the evidence expected under that state,

ŷt|t−1 = hθ (x̂t|t−1,ot). (2)

At runtime, the system observes realized evidence yt ∈ Rm. We use the stochastic abstraction

xt = fθ (xt−1,at−1,ot−1)+wt , wt ∼N (0,Q), (3)

yt = hθ (xt ,ot)+ vt , vt ∼N (0,R). (4)

The covariance terms need not be known or correctly specified. Unlike in classical filtering [37, 38],
they are used here only as calibration quantities for innovation normalization.

Definition 1 (Innovation). The runtime innovation is the discrepancy between realized and predicted
evidence:

νt = yt − ŷt|t−1. (5)

For monitoring, we use scalar innovation energy

et =
ν2

t

S
, (6)
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Reasoning state
memory, plan, context

xt−1

Prediction
expected state/evidence

x̂t|t−1, ŷt|t−1

Realized evidence
tool output yt

Innovation
expected vs. realized evidence

νt = yt − ŷt|t−1

Window drift
finite-horizon score
Dt(H) = H−1 ∑ei

Drift gate
Dt(H) > τd?

Continue
bounded update

Recover
fallback / rollback

Runtime report
detections, recoveries,

unrecovered failures, MTTR-A

no yes

Figure 1. Operational runtime-stability vocabulary. The contribution is the naming and measurement of
prediction, realized evidence, innovation, drift, recovery, and unrecovered failure inside a reasoning trace. The
diagram is structural: it does not assume linear dynamics, Gaussian noise, known covariances, or Kalman-optimal
control.

where S is estimated once from nominal trajectories:

S = ER0 [(νt −µν)
2]+ ε, µν = ER0 [νt ]. (7)

We assume a nominal regime R0 in which

E[et |R0]≤ τ. (8)

Definition 2 (Cognitive Drift). For a window H ∈ N, define

Dt(H) =
1
H

H−1

∑
k=0

et−k. (9)

Cognitive drift occurs when Dt(H) exceeds a calibrated threshold τd .

Innovation drift measures mismatch between predicted and realized evidence. It is not, by itself,
a measure of task intent, a distinction also visible in behavioral evaluation, hallucination analysis,
semantic-uncertainty estimation, and agent diagnostics [33, 14, 15, 34]. We therefore record seman-
tic drift as a separate diagnostic quantity:

st = 1− cos(xt ,x0), (10)

where x0 is the initial task representation.
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Definition 3 (Runtime Stability). A reasoning system is runtime stable if there exist B > 0, Bd > 0, and
δ ∈ (0,1) such that, for all t,

Pr(et ≤ B)≥ 1−δ , Pr(Dt(H)≤ Bd)≥ 1−δ . (11)

Definition 4 (Recovery Time). Let t0 be the first detected drift time, Dt0(H)> τd . Recovery time is

tr = inf{t ≥ t0 : Dt(H)≤ κτd}, (12)

where κ ∈ (0,1) is a bounded-stability factor.

We adopt Mean Time to Recovery for Agentic Systems (MTTR-A) [40]:

MTTR-A = E[tr− t0], (13)

where the expectation is over successfully recovered drift events. Unrecovered detections remain in the
recovery-rate denominator, but are excluded from MTTR-A because tr is undefined.

Formal consequences. The definitions above deliberately separate three runtime facts that are often
conflated in output-only evaluation.

Proposition 1 (Bounded innovation implies bounded window drift). If, for a fixed window ending at t,
each innovation energy satisfies et−k ≤ B for k = 0, . . . ,H−1, then Dt(H)≤ B.

Proposition 2 (Detection does not imply recovery). Let t0 be a detected drift time with Dt0(H)> τd . If
Dt(H)> κτd for all t ≥ t0, then no finite recovery time exists under Eq. 12.

Proposition 3 (Innovation stability does not guarantee semantic preservation). Runtime stability as
defined in Eq. 11 bounds innovation energy and drift score, but it does not imply semantic preservation,
nor any bound st ≤ c with c < 2.

Proofs are given in Appendix B. Proposition 2 motivates reporting unrecovered detections separately
from MTTR-A, while Proposition 3 motivates tracking semantic drift as a diagnostic rather than treating
low innovation as sufficient evidence of task preservation.

Algorithm 1 Runtime Stability Monitor and Recovery Controller
Input: window H, thresholds τ,τd , scale S, stability factor κ , recovery policy πR
Output: drift alarms, recovery outcomes, and MTTR-A records

1: Initialize state x0, window buffer B← /0, mode nominal
2: for t = 1,2, . . . do
3: Predict (x̂t|t−1, ŷt|t−1), observe tool evidence yt , and compute et = ν2

t /S
4: Update B with et and keep only the most recent H energies
5: If |B|< H, continue monitoring; otherwise set Dt(H)← H−1 ∑e∈B e
6: Alarm: if Dt(H)> τd and mode is nominal, set t0← t, apply πR, and enter recovery
7: Recovered: if Dt(H)≤ κτd and mode is recovery, record tr← t and return to nominal
8: Otherwise: apply the ordinary state update.
9: end for

The controller is intentionally lightweight. It instantiates the vocabulary rather than claiming optimal
control. Tool fallback follows the broader tool-use paradigm in language agents [21, 22], while rollback
and gain modulation act only on the runtime state and do not modify model parameters.
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3 Experimental Setup
We evaluate the vocabulary on multi-step HotpotQA tool-use episodes in the distractor setting [39]. Each
episode has horizon T = 30: the agent issues a retrieval query, receives a passage, and updates its latent
reasoning state. The experiment is a controlled stability testbed rather than a task-optimized QA system,
allowing runtime diagnosis to be studied separately from benchmark optimization [29, 33].

Predicted evidence ŷt|t−1 is instantiated as the predicted latent state. Retrieved passages are encoded
with a pretrained sentence embedding model, and yt denotes the retrieved-passage embedding. Thus,

νt = 1− cos(ŷt|t−1,yt), (14)

with et = ν2
t /S and H = 3.

Cognitive drift is induced by persistent tool misrouting. Starting at t⋆ = 5, retrieval uses a real but
incorrect query from another HotpotQA instance. The evidence remains fluent and task-like, but is
systematically misaligned with the original intent. This setting tests semantic evidence corruption rather
than random noise, complementing robustness, concept-drift, and adaptive-window monitoring settings
[29, 16, 17].

The recovery policy instantiates πR with three bounded actions: retry retrieval through tool fallback,
reduce the state-update gain, and mix the current state toward the last pre-drift checkpoint using rollback
weight β . Detection and drift thresholds are calibrated on nominal trajectories before perturbed episodes
are evaluated.

Parameter Value

Reasoning horizon T 30
Drift window H 3
Perturbation step t⋆ 5
Episodes N 120

Innovation scale S E[ν2
t ] (nominal phase)

Detection threshold τ 90th percentile
Drift threshold τd 95th percentile
Stability factor κ 0.85

Nominal gain α 0.35
Rollback mixing β 0.20

Table 1. Experimental parameters and calibration settings. Thresholds and normalization are estimated from
nominal trajectories.

4 Results
Runtime dynamics. Figure 2 reports aggregate behavior over N = 120 episodes. After t⋆ = 5, the
baseline often reduces innovation while semantic drift continues to grow, consistent with adaptation
to an incorrect evidence stream. The recovery-aware agent maintains lower drift and lower semantic
deviation.

Figure 2. Aggregate runtime dynamics under persistent evidence mismatch. Blue denotes the baseline agent
without recovery; red denotes the recovery-aware agent with the full controller. From left to right: innovation
magnitude νt , innovation energy et , drift score Dt(H), and semantic drift st . Shaded regions denote ±1 standard
deviation.
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Detection and recovery. Cognitive drift is detected in 79.2% of perturbed episodes, with mean la-
tency 7.81 steps after perturbation onset. Bounded stability is re-established in only 3% of detected
events, while successful recovery has MTTR-A 4.00±1.41 steps. Because MTTR-A is conditioned on
recovered events, detection, recovery rate, and recovery latency should be interpreted jointly. Figure 3
separates timing from outcome. Alarms often occur near perturbation onset, but persistent mismatch
creates a late tail. The scatter gives the central diagnostic: baseline runs can show low measured drift
while accumulating high semantic drift, whereas most recovery-aware runs remain near zero semantic
drift.

(a) Detection latency (b) Drift vs. semantic drift

Figure 3. Runtime instability diagnostics with interpretation. Blue denotes the baseline agent without
recovery; red denotes the recovery-aware agent with the full controller. (a) Detection latency t0−t⋆: early
alarms appear on the left; delayed alarms form the right tail. (b) Final drift score versus final semantic
drift: the blue cluster marks local consistency with high semantic drift, the red lower band marks near-
zero semantic drift under recovery, and high red points are unrecovered or weakly recovered cases.

Ablations. Table 2 isolates controller components. Removing tool fallback eliminates recovery despite
high detection, suggesting that internal adaptation alone cannot repair a corrupted evidence channel.
Rollback and gain modulation mainly affect the recovery-frequency/latency trade-off.

Condition Det. Rec. MTTR-A

Baseline (no recovery) 0.07 0.00 –
Full controller 0.79 0.03 4.00±1.41
No rollback 1.00 0.11 9.62±7.75
No gain modulation 1.00 0.19 4.00±0.00
No tool fallback 0.78 0.00 –
Delayed evidence perturbation 0.79 0.12 6.47±4.01

Table 2. Ablation study of recovery mechanisms. Detection is the fraction of episodes in which
cognitive drift is detected; recovery is the fraction of detected events that re-enter a bounded-stability
regime. MTTR-A is computed only over recovered events.

5 Discussion and Limitations
The results support a modest but practically important claim: hybrid reasoning systems require runtime
diagnostics in addition to final-answer metrics. Local consistency is ambiguous. A low innovation
score can indicate reliable evidence alignment, but it can also indicate adaptation to unreliable evidence.
Output-only evaluation distinguishes these cases late, if at all. Runtime reliability therefore benefits from
process-level diagnostics that separate local consistency from semantic preservation, especially where
calibration, uncertainty, agent, and risk evaluations already stress behavior beyond ordinary accuracy
[10, 11, 31, 34, 36].

The study is intentionally limited. Prediction, innovation, and correction are monitoring primi-
tives, not claims of linear state-space dynamics, Gaussian uncertainty, accurate covariance estimation, or
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Kalman-optimal control. The experiments use controlled HotpotQA evidence-mismatch perturbations,
and semantic drift is a diagnostic proxy. The contribution is operational: it makes one class of runtime
misalignment nameable, measurable, and reportable before final-answer failure. It does not solve se-
mantic alignment. The framework would be weakened if innovation drift routinely failed to precede
semantic deviation, or if recovery statistics were insensitive to removing the proposed interventions.

6 Conclusion
This paper introduced cognitive drift as part of an operational runtime-stability vocabulary for hybrid
reasoning systems. The central claim is that reliable agents should report not only whether an answer
is correct, but also whether the reasoning trace remained bounded, drifted, recovered, or remained unre-
covered along the way.

A Supplementary Runtime Evidence
The main text reports aggregate dynamics and final drift diagnostics. Figure 4 adds a representative
single-episode trace showing the same failure mode at the trajectory level.

Figure 4. Representative single-episode trajectories. Blue denotes the baseline agent without recovery;
red denotes the recovery-aware agent with the full controller. From left to right: innovation νt , innovation
energy et , drift score Dt(H), and semantic drift st . The dashed vertical line marks perturbation onset.

B Technical Notes
The framework is intentionally finite-horizon and diagnostic. The following short proofs clarify what is,
and is not, implied by the definitions.

The proofs are placed in the appendix so that the main text can state the formal consequences without
interrupting the presentation of the runtime vocabulary and empirical failure mode.

Proof of Proposition 1. Fix t and a window length H ∈ N with H ≥ 1. By Eq. 9,

Dt(H) =
1
H

H−1

∑
k=0

et−k.

The assumption gives the pointwise inequalities et−k ≤ B for every k ∈ {0, . . . ,H−1}. Finite summation
preserves order, hence

H−1

∑
k=0

et−k ≤
H−1

∑
k=0

B = HB, Dt(H) =
1
H

H−1

∑
k=0

et−k ≤ B,

where the final inequality follows because H > 0. The argument is deterministic and does not require
independence, distributional assumptions, or Kalman-optimality.

Proof of Proposition 2. Let R(t0) = {t ∈ N : t ≥ t0 and Dt(H) ≤ κτd}. Equation 12 is equivalent to
tr = minR(t0) whenever this minimum exists. For any t ∈ N with t ≥ t0, the hypothesis gives Dt(H)>
κτd , so t /∈ R(t0). Hence R(t0) = /0, and minR(t0) does not exist in N. Therefore no finite recovery
time satisfies Eq. 12. Since Dt0(H) > τd by assumption, the event is detected; since R(t0) = /0, it is
unrecovered.

Proof of Proposition 3. We prove by counterexample. Fix H ≥ 1, S > 0, and any admissible B,Bd ,δ .
Let d = 2, m = 1, x0 = (1,0), set hθ (x,o) ≡ 0, and set yt ≡ 0. Then, for every state path, ŷt|t−1 = 0,
νt = 0, et = 0, and Dt(H) = 0; hence Eq. 11 holds with probability one. Consider two admissible paths
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with the same innovations: x(a)t = x0 and x(b)t = (cosϕ ,sinϕ) for t ≥ 1, where ϕ ∈ (0,π]. Their monitored
variables are identical, but s(a)t = 0 while s(b)t = 1− cosϕ . For any c < 2, choose ϕ close enough to π so
that s(b)t > c. Thus no implication of the form Eq. 11⇒ st ≤ c for c < 2 is valid without an additional
link between innovation and semantic state. Semantic drift must therefore be assumed, monitored, or
controlled separately.
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