AdaptiveGuard: Treating Constraints as Falsifiable Hypotheses for LLM
Agents in Dynamic Interactive Environments

Pengxiang Liu! Tao Ren"”

Wei Xiong!

Lijie Li> Junjie Wang!  Jun Hu'”

! State Key Laboratory of Intelligent Game, Institute of Software, Chinese Academy of Sciences,
University of Chinese Academy of Sciences, Beijing, China
2 College of Computer Science and Technology, Harbin Engineering University, Harbin, China

{liupengxiang2024,rentao22,xiongwei2@023}@iscas.ac.cn
lilijie@hrbeu.edu.cn
{junjie,hujun}@iscas.ac.cn
* Corresponding authors

Abstract

Large Language Models (LLMs) have shown
impressive reasoning capabilities in agents for
complex interactive environments. However,
these agents frequently propose actions that vi-
olate physical or procedural constraints. Recent
neuro-symbolic guards mitigate such errors by
compiling explicit admissibility rules from or-
acle demonstrations, yet treat them as fixed
laws—a closed-world assumption that breaks
down under sparse demonstrations or environ-
ment shift, leaving either missing rules that
fail to block unsafe actions or stale rules that
wrongly reject valid alternatives. To address
this, we introduce AdaptiveGuard (code), an
Adaptive framework that Guards LLM agents
by treating constraints as falsifiable hypotheses.
Each rule is represented by a Beta-distributed
validity belief mapped to tentative, confirmed,
and deprecated tiers; uncertain rule blockers
are then challenged through a zero-extra-call
falsification gate; and these rule beliefs are con-
tinuously updated via contrastive feedback at-
tribution from environment evidence. Bench-
mark experiments on ScienceWorld and Vir-
tualHome show aggregate gains over strong
static constraint guards, especially in novel sce-
narios. Complementary post-hoc diagnostics
under sparse supervision and controlled shift
show improved adaptation, while observed
failed-trial runs remain below the configured
budget cap and the conservative-bias proxy de-
clines over the measured horizon.

1 Introduction

Agents powered by Large Language Models
(LLMs) represent a significant step toward general-
purpose decision-making in complex interactive
environments (Wang et al., 2022; Puig et al., 2018;
Wang et al., 2023b; Song et al., 2023). Unlike static
NLP tasks, these agents must track dynamic state
changes, respect physical affordances, and reason
about long-horizon causal dependencies (Barsalou,
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Figure 1: Motivating case under environment shift.
When a new heater model no longer requires charg-
ing, a static closed-world guard treats the stale rule as
fixed, blocks a valid action, and fails. AdaptiveGuard
treats the rule as falsifiable: high agent confidence trig-
gers its Purposeful Falsification Trials (PFT) module to
challenge the stale blocker; a successful trial lets the
attribution module deprecate the rule and complete the
task.

2008). Existing approaches fall into two paradigms:
implicit learning from demonstrations or sparse re-
wards (Chen et al., 2021; Luo et al., 2024; Lin
et al., 2023; Lambert et al., 2025), and explicit ad-
missibility modeling through guided action scoring
(Qian et al., 2025). The former can adapt from
experience but provides limited pre-execution va-
lidity guarantees, whereas the latter makes action
validity explicit before execution but depends on
whether the learned scorer remains reliable after
deployment.

Recent work has therefore proposed static guards
(Liu et al., 2026): rule-based filters that compile ad-
missibility rules from demonstrations and use them
during action selection. This design substantially
improves action validity by turning demonstration-
derived constraints into pre-execution filters, but it
also creates a closed-world view in which extracted
rules are treated as complete and reliable unless
the rule set is externally rebuilt. Under environ-
ment shift or unseen valid alternatives, previously
useful rules can become stale, and the guard ex-
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https://github.com/lpxwork666111/AdaptiveGuard

Expert data DGAP OntoGuard
Score Drop Score Drop
100% 85.91 - 89.56 -
75% 82.37 4.12% 85.64 4.38%
50% 74.18 13.65% 77.52 13.44%
25% 61.43 28.49% 65.27 27.12%
0% 40.71 52.61% 46.38 48.21%

Table 1: ScienceWorld sparse-expert diagnostic. Scores
are Overall final scores; reduced-data rows summarize
the diagnostic simulation. Drop reports the relative de-
crease from the 100% expert-data setting. Both the
scoring-based DGAP baseline and the rule-guard Onto-
Guard baseline degrade as expert supervision becomes
sparse.

hibits a conservative bias that rejects valid actions
(Khetarpal et al., 2022). Figure 1 illustrates this
stale-rule case: a fixed guard blocks a valid action
because it cannot test whether the old constraint
still holds.

By contrast, the sparse-supervision diagnostic
illustrates the complementary failure mode. Table 1
holds the benchmark and planner backbone fixed;
OntoGuard drops from 89.56 to 46.38, and DGAP
from 85.91 to 40.71. Because the planner back-
bone is unchanged, the simulated OntoGuard trend
isolates the missing-rule mechanism in rule-guard
systems: the rule graph contains knowledge gaps,
so invalid actions can slip through because no ex-
tracted rule blocks them (Li et al., 2022). Taken
together, Figure 1 and Table 1 illustrate two op-
posite closed-world failure modes: environment
shift can make existing rules stale, while sparse
demonstrations can leave necessary rules absent.
Thus, invalid actions require adding missing rules,
whereas over-blocked valid actions require weaken-
ing stale ones; admissibility rules should therefore
be treated as falsifiable beliefs that can be strength-
ened, challenged, or retired through environment
evidence.

Building on this insight, we propose AdaptiveG-
uard around a closed-loop idea: admissibility con-
straints should be maintained as probabilistic be-
liefs, selectively challenged when a confident, goal-
critical planner proposal conflicts with them, and
revised through contrastive feedback attribution
grounded in environment evidence. The three mod-
ules instantiate this belief—challenge—attribution
loop. Stratified Constraint Belief (SCB) represents
each rule as a Beta validity belief mapped to fenta-
tive, confirmed, and deprecated tiers. The Purpose-
ful Falsification Trials (PFT) module challenges

uncertain confirmed rules by combining rule un-
certainty, planner self-confidence, and goal crit-
icality into a budgeted trial decision, using the
planner’s confidence signal from the same forward
pass without extra decision-path LLM calls. Con-
trastive Causal Attribution (CCA) evaluates exe-
cuted actions through environment outcome judg-
ments, task-progress changes, and hindsight cues,
then uses structured labels to update the correspond-
ing constraint type.
Our contributions are summarized as follows:

* We formulate guarded planning as falsifiable
constraint learning, separating environment-
level constraints from the adaptive belief
graph refined online.

* We design a belief-centered adaptation loop
that converts rule uncertainty, planner confi-
dence, and goal criticality into budgeted fal-
sification decisions, then uses contrastive en-
vironment evidence to promote, weaken, or
retire constraints.

* We obtain the best results among the evalu-
ated baselines on ScienceWorld (91.70 Over-
all, +2.14 over OntoGuard) and VirtualHome
(+7.00 SR on NovelScenes, +5.50 SR on Nov-
elTasks); labeled post-hoc diagnostics further
probe sparse supervision, controlled shift, ef-
ficiency, and mechanism behavior.

2 Related Work

Learning-based and LL.M-based Agents. Early
text-based agents relied on reinforcement learn-
ing and imitation learning (Ross et al., 2011) to
map observations to actions; representative sys-
tems such as DRRN (He et al., 2016), KG-A2C
(Ammanabrolu and Hausknecht, 2020), CALM
(Yao et al., 2020), and TDT (Chen et al., 2021)
struggle with combinatorial action spaces across
benchmarks like ScienceWorld, ALFWorld (Shrid-
har et al., 2021), WebShop (Yao et al., 2022), and
AgentBench (Liu et al., 2024). LLMs have since
become the dominant substrate for agent reason-
ing: ReAct (Yao et al., 2023b) interleaves chain-
of-thought (Wei et al., 2022) with actions, SayCan
(ichter et al., 2023) grounds plans via value func-
tions, Inner Monologue (Huang et al., 2022) in-
jects environmental feedback, and SwiftSage (Lin
et al., 2023) combines fast and slow policies. These
frameworks remain agnostic to the validity of can-
didate actions, generating plausible plans without
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verifying physical admissibility—motivating the
guarded planning paradigm.

Post-Hoc Agent Adaptation. A large body of
work revises plans post hoc: Reflexion (Shinn et al.,
2023) and Retroformer (Yao et al., 2024) translate
failures into verbal signals, Self-Refine (Madaan
et al., 2023) iteratively rewrites with LLM feed-
back, and ISR-LLM (Zhou et al., 2024b) applies
iterative refinement to long-horizon planning. De-
liberate search methods expand the action space
via tree rollouts, as in Tree of Thoughts (Yao et al.,
2023a) and LATS (Zhou et al., 2024a). Experience-
based agents accumulate cross-trial knowledge:
Voyager (Wang et al., 2023a) grows a skill library,
ExpeL (Zhao et al., 2024) distills insights, CLIN
(Majumder et al., 2024) stores causal abstractions,
and AdaPlanner (Sun et al., 2023) refines plans
through closed-loop feedback. Yet these methods
operate over unstructured memory that cannot be
queried as fine-grained constraints nor selectively
refuted. Our work shares the spirit of self-evolution
(Wang et al., 2023a) but evolves a different object—
the admissibility constraint graph—under bidirec-
tional pressure that compensates for missing rules
while removing spurious ones.

Neuro-Symbolic Guarded Planning. Neuro-
symbolic guarded planning combines neural flexi-
bility with symbolic constraint enforcement (Hao
et al., 2023; Shi et al., 2024). In the LLM era,
knowledge graphs are mainly used for retrieval-
augmented generation (Zhao et al., 2023; Aber-
nethy et al., 2024), often backed by ConceptNet
(Speer et al., 2017). More targeted approaches de-
ploy discriminators or symbolic checkers: DGAP
(Qian et al., 2025; Xu et al., 2022) scores actions
with a trained discriminator, OntoGuard (Liu et al.,
2026) compiles rules into graph-based firewalls,
and embodied planners like EmbodiedGPT (Mu
et al., 2023) and DEPS (Wang et al., 2023b) rely
on fixed perception-to-action mappings. These
systems demonstrate that explicit constraints sub-
stantially improve admissibility, but they typically
treat rules or action mappings as static, leaving lim-
ited support for reconciling conflicts with novel
observations (Li et al., 2022; Lambert et al., 2025).
AdaptiveGuard departs by lifting each rule from a
boolean oracle to a falsifiable probabilistic hypoth-
esis tested against environment evidence, thereby
connecting Bayesian hypothesis revision with con-
trastive credit assignment through environment-

grounded rule updates (Piriyakulkij et al., 2024;
Harutyunyan et al., 2019; Miller, 2019).

3 Methodology

As shown in Figure 2, AdaptiveGuard treats ad-
missibility rules as falsifiable hypotheses with three
modules: Stratified Constraint Belief (SCB) as-
signs probabilistic credence and enforcement tiers;
Purposeful Falsification Trials (PFT) selectively
challenges blocked actions through falsification tri-
als; and Contrastive Causal Attribution (CCA)
updates the rule graph from environment-grounded
hindsight signals. Algorithm 1 (Appendix L) de-
tails the closed loop.

3.1 Problem Formulation

We formulate interactive planning as a POMDP
augmented with a mutable constraint belief:

M+ = <87A7T707R7ga’<:t78t>7 (1)

where IC; is the agent’s belief over constraints and
B; the bounded exploration budget; AdaptiveGuard
revises only K;, never the unobserved ground truth
KC*. Each rule is represented as

T, = <(h,~,relz-,ti), Beta(a, 5;), £z>7 2)

with symbolic triplet (h;,rel;,t;), Beta-encoded
confidence, and tier ¢; € {T,C,D} (tenta-
tivelconfirmed/deprecated). The objective trades
off task reward against both missing and spurious
constraints:

max E
K

Zrt] —)\<|/C*\/CT|+|/CT\/C*|). 3)

This is an idealized evaluation objective rather than
an optimized training loss: KC* is unavailable to the
deployed agent and is used only for offline rule-
graph analysis.

3.2 Stratified Constraint Belief (SCB)

SCB stores each rule as a Bayesian hypothesis with
mean confidence

Q;

a; + Bi @

Conf(Ti) = EXNBeta(ai,Bi)[X] =
Oracle-extracted rules with n supports start as
Beta(n,1); runtime rules start as Beta(1,1).
Thresholds 0jow < Ohigh define three tiers: dep-
recated (D) (conf(r;) < Oiow; retained for audit
but unenforced); tentative (T) (6o < conf(r;) <
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Figure 2: Architecture of AdaptiveGuard. The planner emits a;, é;, and cg¢ in one forward pass; SCB retrieves
violated rules; PFT decides whether to block or launch a challenge trial; CCA then attributes the observed outcome

and updates K;.

Bhigh; matched during attribution but not used as
a hard blocker); confirmed (C) (conf(r;) > Gpign;
blocks violating actions unless PFT launches a chal-
lenge trial). Matching tentative rules is essential:
successful violations refute them, whereas failed
violations provide the positive evidence needed for
promotion.

3.3 Purposeful Falsification Trials (PFT)

PFT challenges only selected blocked actions
through trials and adds no LLM call beyond the
planner’s forward pass.

Challenge Score. For action a; blocked by con-
firmed rule r;, PFT computes

= (1 — conf(r;)) cser (a¢)
—_—

uncertainty

Jerie(ae, g) -
——_———

F(dt>ri78t,g)

self-conf.

(5)
criticality

The product is high only when the blocker is un-
certain, the planner is confident, and the action is
goal-critical.

Agent Self-Confidence cgiy. The planner emits
a discrete confidence label alongside a; and pre-
dicted outcome é;, mapped deterministically:
HIGH—0.9, MEDIUM—0.6, LOW—0.3.
Goal-Criticality Component [ .. I uses an
incrementally extended trajectory buffer 7'g(k) =
Dy U ’7;1(1]22; and no LLM call:

L@z, g) = clipyg, (max (freq(éc | g), path(ac | g),
bOt(&t |g)) + 60) .

where freq is occurrence in successful trajecto-
ries, path shortest-path relevance, and bot the goal-
reachability loss after removing the action tem-
plate. The three components are normalized to
[0, 1]; clipyg 1) projects the score to [0, 1], and we
use €g = 0.1 as a small exploration floor. When
E(k) is empty, we use the cold-start fallback of 0.5.

Decision Rule. Let VS be the confirmed rules
that block a,. If it is empty, the action is allowed.
Otherwise, PFT computes F; for every r; € V£
and selects 7* = argmax; F; as the unique rule
used for the subsequent contrastive update. A trial
is allowed only if every confirmed blocker is in-
dividually eligible, preventing one uncertain rule
from bypassing another high-confidence blocker:

Coia(ae) 2 | N\ (Fi>7)

TiGVtC

A (B >0). (D

ALLOW V¢ =g,
TRIAL  VE # @ A Cuialde), (8)
BLOCK otherwise.

Decision(a:) =

Bounded Exploration Budget. Trials are con-
trolled by an asymmetric budget initialized to Bpgse
at the beginning of each episode:

min{Bmax, Bt + £}
max{0, By — 1} failure/uncertainty, (9)
B otherwise.

Success,

Biy1 =

We maintain 0 < B; < Bpax = 2Bpase, pre-
venting unbounded accumulation after consecutive
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successes. Successful trials refund partial budget
because discovering a wrong rule improves the sys-
tem, whereas failed or ambiguous trials consume
one unit because they do not falsify the blocker.
The budget controls trial frequency, not the harm
magnitude of an action.

3.4 Contrastive Causal Attribution (CCA)

CCA maps contrastive environment evidence to
rule hypotheses. Here, "causal" is used opera-
tionally to denote directional attribution from hind-
sight feedback, not formal causal identification. To
avoid circularity, judgment signals use environment
feedback rather than /C;; only hypothesis genera-
tion may reference the target graph type, and its
output is checked before insertion.

3.4.1 Multi-Signal Environment Evidence

In our instantiation, CCA uses three complemen-
tary evidence signals for each executed action a;.

Process Reward Judge (PRJ). PRJ uses an
LLM judge to assess the full next-state signal
St+1 = (0441, er, Ascore) via m queries. We re-
tain both the majority label Lpgj for discrete audit
reporting and the signed vote mean Vprj for scalar
fusion:

Lpry = MajVote(rl, e ,Tm),
1 — (10)
Very = — ; ; — .
PRJ mzrp Ty E{ 1,0,+1}
7j=1
Score Progression Signal (SPS). SPS tracks

time-weighted score change. Each per-step score
difference is first normalized to [—1, 1] using the
benchmark score range; the discounted mean is
then clipped to the same interval:

Z?;_ol A* A/éE)?et, k
oo Y1078 )

1D

Hindsight-guided Causal Attribution (HCA).
HCA turns the }g)ap between predicted outcome é;

and the actual observation into a directional update.
A judge extracts a concise hindsight hint:

VSPS(CLt) = Chp[—l,l] <

Judge(at, ét, Ot+1, 675)

— {score € {+1,—1}, hint € T"}. (12)

We run m hint-extraction calls, keep the
longest valid hint (score = 41, length
> 10 chars), append it as Sephanced =
(Hi,g) @ hint, and re-query the planner for a

teacher action a$™. A structured judge maps

(at,as™ hint) to six labels: IDENTICAL (0.0, none),
PARAM_DIFF (—0.4, Genp.E1), MISSING_PRECOND
(—0.8, Gpen), WRONG_OBJECT (—0.6, Geny.E1),
WRONG_TIMING (—0.7, Genyp.F3), BOTH_WRONG
(0.0, none). Here, G¢y,.F1 denotes object/action-
interface constraints, Gey,,.F3 temporal environ-
ment constraints, and G, behavioral precondi-
tions. The structured judge runs my = 3 times;
without at least two agreeing votes, HCA con-
tributes Vizca = 0 and the remaining available
signals determine the final judgment.

3.4.2 Contrastive Signal Fusion

Adaptive Fusion. The resulting evidence vector
Viay) = [VPRJ, Vsps, VHCA] is fused into

3
Q(ar) = Y wi - Vi(as), (13)
k=1

using the default weights [0.35,0.25,0.40]. En-
vironment errors use [0.55,0.20, 0.25]; silent re-
ward uses [0.35,0.10,0.55]. If HCA is invalid,
its weight is set to zero and the remaining default
weights are renormalized to [0.583,0.417, 0]. Each
schedule sums to one. The final judgment is

GOOD Qlas) > 67,

Judgment(a;) = ¢ BAD Qar) <67,
UNCERTAIN otherwise.

(14)

Contrastive Attribution. CCA contrasts the
environment-grounded judgment with matched rule
predictions. For an executed trial, GOOD weakens
the responsible confirmed blocker with 8 += 1,
whereas BAD strengthens it with o += 1. For an
allowed action, each attribution-compatible match-
ing tentative rule receives refuting evidence un-
der GOOD and supporting evidence under BAD.
A BAD/allow outcome with no matching active
rule spawns an HCA-label-typed tentative rule.
UNCERTAIN never creates or removes a rule; each
matching tentative rule receives only a directional
half-step update 7 according to the sign of Q.

Consistent Hypothesis Generation. When Judg-
ment is BAD and no active rule predicted the failure,
CCA formalizes a new rule from the HCA hint
and label, falling back to PRJ error semantics if
needed. New hypotheses enter as tentative with
Beta(1, 1); a semantically equivalent existing ten-
tative rule is updated rather than duplicated. Each
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edit then checks behavioral acyclicity, resolves con-
tradictions by higher confidence, and freezes rules
flipped more than twice within W = 10 edits.

3.5 Theoretical Properties

Three conditional properties follow under the ide-
alized assumptions stated in Appendix K: (1) if
the ground-truth and candidate rule spaces are fi-
nite and realizable, rule-relevant witnesses retain a
history-conditional execution probability bounded
away from zero, and CCA assigns correct updates,
the active rule set converges to X* almost surely;
(2) PFT admits at most Bax = 2Bpase consec-
utive failed or ambiguous PFT trials within an
episode; and (3) each correctly refuted spurious
rule has decreasing confidence. The aggregate con-
fidence mass over active spurious rules is an oper-
ational conservative-bias proxy, not a distribution-
free false-positive rate, and can temporarily in-
crease when new hypotheses are introduced.

4 [Experiments

The experiments test three claims: AdaptiveGuard
improves standard interactive-agent performance,
mitigates sparse-data and environment-shift fail-
ures of closed-world guards, and benefits from the
evaluated PFT factors and CCA evidence dimen-
sions. We evaluate main results, stress tests, abla-
tions, efficiency, conditional-property diagnostics,
transfer, failure modes, and cases.

4.1 Experimental Setup

Benchmarks. We evaluate on ScienceWorld
(Wang et al., 2022), our primary testbed with 30
science task types across 10 topics and average
oracle-trajectory lengths from 7.0 to 132.1 steps,
and VirtualHome (Puig et al., 2018), whose In-
Distribution, NovelScenes, and Novellasks splits
test environment shift.

Baselines and Backbone. We compare seven
groups: learning-based agents DRRN (He et al.,
2016), KG-A2C (Ammanabrolu and Hausknecht,
2020), CALM (Yao et al., 2020), TDT (Chen
et al., 2021); zero-shot planners SayCan (ichter
et al., 2023) and ReAct (Yao et al., 2023b); self-
correction methods Reflexion (Shinn et al., 2023),
plus Self-Refine (Madaan et al., 2023) and ISR-
LLM (Zhou et al., 2024b) for post-shift self-
correction; experience-based agents ExpeL (Zhao
et al., 2024) and CLIN (Majumder et al., 2024);
AdaPlanner (Sun et al., 2023); SwiftSage (Lin et al.,

2023); and neuro-symbolic guards DGAP (Qian
et al., 2025) and OntoGuard (Liu et al., 2026). The
archived summaries identify the LLM backbone
only as GPT-4; they do not preserve an API snap-
shot or complete decoding configuration, so we do
not claim cross-snapshot reproducibility or smaller-
planner generalization.

Implementation Details. We fix O, = 0.70,

Oiow = 0.20, 7 = 0.25, Bpase = D, Bmax =
10, x = 0.5, 9t = 0.50, 6~ = —0.50,
n = 0.5, v = 0.9, W = 10, tier refresh pe-

riod N = 1, PRJ queries m = 3, HCA hint-
extraction queries m = 3, HCA structured-judge
votes myg = 3, ¢¢ = 0.1, HCA minimum hint
length = 10 characters, and self-confidence map
{HIGH, MEDIUM, LOW} — {0.9,0.6,0.3}. Re-
sults average 3 random seeds.

Evaluation Metrics. We report task performance
(ScienceWorld Final Score; VirtualHome SR), ad-
missibility (EXEC), efficiency (tokens per action
and PFT decision-path calls), observed falsification
cost (failed PFT trials), and available rule-graph
quality measures (rule precision and symmetric-
difference error against an independent X*; Ap-
pendix F). We do not claim unreported rule recall
or a complete severity-weighted unsafe-execution
rate.

4.2 Main Results

ScienceWorld. Table 2 summarizes that Adap-
tiveGuard reaches 91.70 Overall, improving over
OntoGuard (89.56) by +2.14 points. Gains in-
crease with horizon (Short +0.87, Medium +2.55,
Long +2.93), where sparse rewards make HCA
most useful. Full 30-task results are reported in
Appendix Table 7. AdaptiveGuard is best or tied
on 25 of 30 tasks (8 at the 100.0 ceiling). Ta-
ble 5 lists the five exceptions. These cases suggest
that the remaining gaps arise on tasks where task-
specific knowledge, semantic classification, or pre-
cise search can dominate over constraint adaptation:
exact action sequencing or experimental search in
3-1 and 9-2, conductivity and lifespan knowledge
in 3-3 and 7-1, and semantic classification in 4-
3. AdaptiveGuard still remains > OntoGuard in
all five, indicating method boundaries rather than
regressions.

Paired Statistical Stability. We compute paired
differences on the 30 ScienceWorld task types, with
each task type paired across methods. Table 4 re-
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Algorithms

Tasks Topic Learning-based Agents LLM-based Planners
DRRN KG-A2C CALM TDT ‘ SayCan ReAct Reflexion SwiftSage DGAP OntoGuard H AdaptiveGuard (Ours)
Short 28.08 22.70 11.30 2837 | 43.83  48.79 71.47 92.22 90.84 93.83 94.70
Summary Medium 10.85 6.88 2.88 10.36 | 36.58  44.01 3543 77.79 81.84 86.0 88.55
Long 8.26 4.92 1.33 6.11 23.65  21.07 30.17 83.00 84.52 88.37 91.30
Total Overall 15.56 11.37 5.07  14.66 ‘ 33.82 3643 45.34 84.68 85.91 89.56 H 91.70

Table 2: ScienceWorld final scores by horizon and overall (higher is better). Short/Medium/Long follow the
trajectory-length horizon grouping used in OntoGuard. LLM-based methods use GPT-4; results are means over 3

seeds. Bold denotes the per-row best.

In-Dist. NovelScenes NovelTasks

Method EXEC SR EXEC SR EXEC SR

ReAct 87.33 82.33 38.67 32.33 49.67 49.00
Reflexion 79.67 79.33 54.33 53.33 47.33 46.00
SwiftSage 90.67 84.33 63.00 56.33 78.33 68.00
DGAP 93.33 88.00 71.67 62.67 73.67 72.17
OntoGuard 94.83 89.50 74.20 64.50 76.15 74.50
AdaptiveGuard 95.50 90.80 82.10 71.50 80.40 80.00
A vs. OntoGuard +0.67 +1.30 +7.90 +7.00 +4.25 +5.50

Table 3: VirtualHome execution/admissibility rate (EXEC) and success rate (SR, %). A reports percentage-point

changes relative to OntoGuard.

ports the AdaptiveGuard margin, its win/tie/loss
count, and an exact two-sided sign test over non-
tied task types. Against the closest baseline, On-
toGuard, AdaptiveGuard has a mean paired gain
of +2.14 with a 95% task-level paired-¢ interval
of [1.37,2.91], wins on 22 task types, and ties on
8, with no task-level regressions. This interval
treats task types as inferential units and does not
replace seed-level uncertainty, which cannot be re-
constructed from rounded aggregate means.

VirtualHome. Table 3 reports retained three-
seed aggregate means. AdaptiveGuard shows a
small In-Distribution gain over OntoGuard (+1.30
SR), but larger aggregate gains under NovelScenes
(+7.00) and NovelTasks (+5.50). Run-level disper-
sion is unavailable, so these differences are descrip-
tive rather than seed-level significance claims.

4.3 Sparse Expert Data

Figure 3 is a post-hoc diagnostic simulation that
varies the amount of oracle supervision used to
bootstrap the rule graph while holding the re-
ported benchmark aggregate and planner fixed.
OntoGuard drops from 89.56 at 100% to 53.00
at 10% (—36.56), whereas AdaptiveGuard drops
from 91.70 to 71.00 (—20.70); the OntoGuard
drop is 1.77x the AdaptiveGuard drop. Adaptive-
Guard@10% (71.00) exceeds OntoGuard @25%
and all lower-data regimes, but remains below

90

80

70

60

ScienceWorld Final Score

=@ OntoGuard
=~ AdaptiveGuard

50

T
0 10 25 50 75 100
Expert demonstrations (%)

Figure 3: ScienceWorld sparse-data diagnostic simu-
lation. AG = AdaptiveGuard. Curves are aggregate
sensitivity summaries; no subsampling uncertainty is
inferred from the retained rounded values.

OntoGuard@50%. Because the retained artifact
does not include per-seed subsampling manifests
or replicate outputs, this diagnostic supports an
aggregate sensitivity claim rather than a variance-
calibrated robustness estimate.

4.4 Adversarial Environment Shift

Beyond the natural VirtualHome shift, we report
a controlled ScienceWorld shift diagnostic: at
episode 50 of a 100-episode sequence, a syn-
thetic intervention changes environment dynam-
ics and makes previously valid constraint assump-
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Baseline Overall AG margin AG W/T/L.  Sign-test p
DRRN 15.56 +76.14 30/0/0 <1078
KG-A2C 11.37 +80.33 30/0/0 <108
CALM 5.07 +86.63 30/0/0 <1078
TDT 14.66 +77.04 30/0/0 <1078
SayCan 33.82 +57.88 29/0/1 <1077
ReAct 36.43 +55.27 30/0/0 <1078
Reflexion 4534 +46.36 26/1/3 1.5 x 107°
SwiftSage 84.68 +7.02 24/5/1 1.5 x107°
DGAP 85.91 +5.79 19/8/3 8.6 x 1074
OntoGuard 89.56 +2.14 22/8/0 4.8 x 1077

Table 4: Paired task-level comparison on the 30 ScienceWorld task types. AG = AdaptiveGuard. The exact two-sided

sign test excludes tied tasks.

Task OntoGuard Best baseline AG

3-1 (Create circuit, S) 88.91 Reflexion 100.0 90.40
3-3 (Test Conductivity, M) 80.00 SayCan 99.56 84.20
4-3 (Find a plant, S) 95.50 DGAP 100.0 96.30
7-1 (Identify longest-lived, S) 91.60 DGAP/Reflexion 100.0 92.40
9-2 (Friction known surfaces, L) 81.00 Reflexion 100.0 84.50

Table 5: The five tasks on which AdaptiveGuard (AG) is not the best. S/M/L denote short-, medium-, and long-
horizon groups; Best baseline is the strongest non-AdaptiveGuard method. These exceptions are consistent with
task-specific bottlenecks only partly addressed by adaptive constraint repair: exact action sequencing or experimental
search (3-1, 9-2), domain-fact retrieval (3-3, 7-1), and semantic classification (4-3). AG remains > OntoGuard on

every one of them (A from +0.80 to +4.20).

PFT Internal Ablation

Variant Novel A Rule Prec.
Full PFT 71.50 — -

w/o (1 — conf) 66.90 —4.60 -

W/0 Cself 67.30 —4.20 —

w/0 It 65.80 —5.70 -
CCA Signal Ablation and Hint-Quality Audit
Variant Novel A Rule Prec.
Full CCA 71.50 — 0.84
w/o PRJ (SPS+HCA)  66.30 —5.20 0.76
w/o HCA (PRJ+SPS) 6140 —10.10 0.63
w/o SPS (PRJ+HCA) 67.60 —-3.90 0.79
HCA free-form score  66.50 —5.00 0.72
w/o UNCERTAIN 63.10 —8.40 0.67

Table 6: Combined ablation results. Both PFT and CCA
blocks report Novel, the VirtualHome NovelScenes SR
(%), and A, the percentage-point change relative to the
corresponding full variant. Rule Prec. denotes rule pre-
cision and is reported only for CCA variants; — indicates
not applicable.

tions stale. We measure Pre-shift SR, immediate
Post-shift SR (ep 50-54), and Recovery latency L
(episodes to recover to 90% of pre-shift SR; capped
at 100). The retained artifact does not contain the
intervention manifest needed to reproduce the ex-
act shifted task instances, so this is interpreted as

OntoGuard: no recovery

(b) Recovery latency

10 _(a) Immediate drop

AdaptiveGuard
0.8 1 AdaPlanner
2
151
£ 064 CLIN
P
8
S ISR-LLM
04 4 G
Reflexion
0.2 Onto Self-Refine
R —
Pre Post 0 20 40

Episodes to recover

Figure 4: ScienceWorld adversarial environment shift.
Left: immediate pre/post-shift degradation. Right: re-
covery latency L; lower is better.

a controlled diagnostic rather than a standardized
benchmark split.

Figure 4 compares all adaptive paradigms under
the same abrupt environment shift. Static Onto-
Guard drops to 0.18 post-shift because its closed-
world constraints become stale, and it never recov-
ers (L. = o0). Self-correction baselines recover
slowly (L ~ 36-48), while CLIN and AdaPlanner
improve through structured caching (L ~ 27-31).
AdaptiveGuard recovers fastest (L = 14.6), a47%
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latency reduction over AdaPlanner (L = 27.4),
showing the value of constraint-level memory un-
der environment change.

4.5 Ablation Study

PFT internal ablation. All three challenge-score
factors matter under NovelScenes shift (Table 6):
removing uncertainty, cgeif, or It reduces SR by
4.60, 4.20, and 5.70 points, respectively. The
largest drop confirms the importance of focusing
the bounded trial budget on goal-critical actions.

CCA signal ablation and hint-quality audit.
HCA is the strongest CCA source (A = —10.10);
removing the UNCERTAIN band also causes a large
drop (A = -—8.40), while PRJ, SPS, and the
structured HCA rubric contribute 5.20, 3.90, and
5.00 points. In an independent audit of 200 strat-
ified HCA invocations, three annotators obtain
75.5% Hint Accuracy (Correct+Partial), 52.5%
Specificity, 7.5% Vacuity Rate, and Krippendorff’s
a = 0.78. Wrong hints correlate with BOTH_WRONG
(Spearman p = 0.42), supporting the safety route
for degenerate cases.

4.6 Cross-Task and Cross-Benchmark
Transfer

We compare targets initialized from their demon-
stration graph with the same graph augmented
by K!! learned over 100 source episodes; the
planner and updater are otherwise identical.
This is therefore a warm-start diagnostic, not
an AdaptiveGuard-versus-OntoGuard comparison.
Appendix Table 10 reports a large within-topic
early gain (+25.6), a smaller cross-topic gain (+3.5),
and nearly flat cross-benchmark transfer (+0.4 SR).
The aggregate source retest changes only from
91.70 to 91.85; absent run-level uncertainty, this
is no detected degradation rather than proof of no
forgetting.

4.7 Safety Cost of Falsification

Appendix Table 11 separates falsification cost from
task performance. Failed trials fall from 2.8 to 0.6
per episode between the first and last 25-episode
windows; the observed per-episode maximum is
six, while the hard cap bounds consecutive failed
or ambiguous trials at ten. On 200 paired challeng-
ing episodes, adaptation uniquely fails 8 cases and
uniquely repairs 34, a net gain of 13.0 points. Nei-
ther these counts nor rule precision bounds harm
severity, so high-risk actions still require an exter-

nal risk classifier or human approval and simulation
or shadow-mode testing.

4.8 Efficiency and LLM-Call Cost

Appendix Table 12 separates early adaptation cost
from steady-state efficiency. Across task horizons,
AdaptiveGuard averages 2556.32 tokens per ac-
tion over episodes 1-30, 15.9% above OntoGuard,
because PRJ/HCA voting adds attribution calls.
Over episodes 71-100, the average falls to 2093.09,
5.1% below OntoGuard, as refined rules prune in-
valid actions earlier. Overall values weight the
10/8/12 Short/Medium/Long task counts. PFT
itself adds no decision-path LLM calls because
it reuses planner-emitted cgjr and deterministic
checks. These measurements characterize token
and call efficiency rather than wall-clock latency.

4.9 Additional Results

Further diagnostics are reported in the appendix.
Appendix G bounds score variation at 3.05 points
under the tested +25% and +50% perturbations.
Appendix H identifies beyond-capability tasks
(30.0%) as the largest overall failure category and
HCA mis-attribution (20.5%) as the largest method-
attributable category. Appendix 1.1 confirms Adap-
tiveGuard’s smaller sparse-data drop and shortest
shift-recovery latency (Tables 17 and 18). Ap-
pendix 1.2 quantifies judge sensitivity and sum-
marizes HCA safeguards (Tables 19 and 20). Ap-
pendix 1.3 links reduced visitation to slower repair
and performance loss, while showing modest over-
head at 10x graph scale (Tables 21 and 22). Finally,
Appendix J illustrates stale-rule falsification, HCA-
based hypothesis generation, oscillation control,
and the SCB lifecycle under shift.

5 Conclusion

AdaptiveGuard safeguards LLM agents by treat-
ing constraints as falsifiable hypotheses rather than
fixed laws. SCB, PFT, and CCA maintain prob-
abilistic rules, permit budgeted trials, and revise
constraints from contrastive feedback. AdaptiveG-
uard reaches 91.70 on ScienceWorld (+2.14 over
OntoGuard), +5.50 on VirtualHome NovelTasks,
and 47% faster recovery under adversarial shift.
These results highlight online, evidence-guided re-
pair of missing and stale constraints. Ablations
and appendix diagnostics support the PFT/CCA
mechanisms, moderate overhead, and stable finite-
horizon behavior.
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Limitations

AdaptiveGuard has several practical limitations.
CCA adds early LLM calls for PRI/HCA voting,
yielding a 15.9% token overhead before conver-
gence, though the refined rule graph later gives
a 5.1% reduction. The convergence property
(Proposition 1) assumes non-zero visitation of rule-
relevant state—action pairs, so convergence may be
slower in large or sparse-feedback environments.
Cross-benchmark transfer is modest (+0.4 SR from
ScienceWorld to VirtualHome), suggesting some
simulator-specific rule structure. Finally, failures
can still arise from noisy attribution or backbone
factual/reasoning limits.
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A Supplementary Main Results

This section expands the main experimental summary in Section 4.2. The main text reports the horizon-
level ScienceWorld averages and the overall comparison needed for the central claims; here we provide
the full per-task breakdown so that the aggregate trends can be inspected at the level of individual task
families. Table 7 lists all 30 ScienceWorld task types, grouped by the same short-, medium-, and long-
horizon categories used in the main text, and reports each baseline alongside AdaptiveGuard under the
shared GPT-4 backbone and three-seed evaluation protocol. These detailed results also make clear where
AdaptiveGuard’s gains are broad, where they concentrate on long-horizon or sparse-feedback tasks, and
where competing methods remain competitive because of task-specific priors or exhaustive trajectory
search.

Algorithms
Tasks Topic Learning-based Agents LLM-based Planners
DRRN KG-A2C CALM TDT | SayCan ReAct Reflexion SwiftSage DGAP OntoGuard H AdaptiveGuard (Ours)

-1 L) 352 0.0 00 071 | 3306 352 422 97.04 1000 100.0 100.0
Matter 12(@L) 352 0.0 00 044 | 1039 1370  10.61 87.04 9275 9420 96.50
130L) 00 4.0 00 388 | 388 778 778 7278 740 79.40 $3.80
14@L) 00 0.0 00 055 | 037 988 0.92 1000 100.0 100.0 100.0
21(M) 656 6.0 10 616 | 2637  7.19 5.92 99.17 1000 100.0 100.0
Measurement 2-2 (M)  5.50 11.0 10 643 | 803 610 2859 88.17  80.17 8931 91.50
23(@ML) 60 4.0 1.0 1987 | 1741 2237 2237 9573 8833  97.14 98.50
31(5) 120 7.0 50 4055 | 5214 560  100.0 88.67 9150 8891 90.40
Bleetricity 32D 90 4.0 70 1426 | 2250 5433 1745 5533 58.0 68.50 73.50
Y 33 9.05 40 20 1016 | 9956 76.19  72.54 7190 7857 80.0 84.20
34M) 952 4.0 20 2165 | 4776 8881  70.22 7786  88.14 8850 90.50
41(8) 150 18.0 100 4193 | 2287 2667  64.93 1000 100.0 100.0 100.0
Classification 29 450 440 540 5576 | 58.18 800  87.27 1000 100.0 100.0 100.0
asstieation 3 5) 2167 160 100 2782 | 2087 5333 1642 91.67  100.0  95.50 96.30
44(S) 1917 150 80 4715 | 3143 2750  100.0 1000 1000  100.0 100.0
Biol 51(L) 80 6.0 20 689 | 992  9.06 7.33 7459 7314 78.16 84.30
008y so@ 1429 110 40 1186 | 1393 1857  13.0 9393 90.57 97.0 98.20
6-1(M) 1577  17.0 30 1510 | 4781 5104 7035 4940 5740  66.20 71.80
Chemistry 62(S) 2667 190 60 1570 | 3926 58.89  70.67 1000 100.0 100.0 100.0
63(M) 1037 4.0 30 525 | 1972 4074 1577 9148 9243 9550 96.90
7-1(S) 500 430 60 300 | 800 600  100.0 95.0 1000 91.60 92.40
Biology  7-2(S) 500 320 100 843 | 6750 6750  84.37 85.0 8571 90.50 92.50
73(S) 3333 230 40 834 | 500 500 83.0 9333 9271 94.40 95.30
Biol 8-1(M) 210 5.0 40 386 | 2091 2767 258 89.0 1000 100.0 100.0
008y g0 (s) 8.0 10.0 00 80 | 160 80 8.0 6850 3850  77.38 80.10
9-1(L) 100 4.0 00 253 | 2194 4050  50.63 75.0 75.0 80.20 84.40
Forces 92(@L) 100 40 3.0 1466 | 3226 440  100.0 700 8333 81.0 84.50
93(L) 100 4.0 20 912 | 1367 410 7062 600 7143 7250 79.40
Biol 10-1(L) 1680  11.0 20 151 | 6753 2570  50.90 9230 8771 96.30 97.50
ology 102@L) 170 11.0 20 129 | 5945 1680  23.69 77.60 78.0 84.50 $8.50
Short 2808 2270 1130 2837 | 4383 4879 7147 9222 90.84  93.83 94.70
Summary  Medium 10.85  6.88 288 1036 | 36.58 4401 3543 7779 81.84 86.0 88.55
Long 826 492 133 611 | 2365 2107 3017 83.00 8452 8837 91.30
Total Overall 1556 1137 507 1466 | 33.82 3643 4534 8468 8591 8956 | 91.70

Table 7: Full comparison of average final scores on the ScienceWorld benchmark across 30 task types. Tasks are
categorized by complexity (Short, Medium, Long) following the trajectory-length grouping used in OntoGuard.
LLM-based methods use GPT-4 as the backbone; results report the mean over 3 seeds. Bold values denote the
per-row best.

B Dataset Statistics tasks by interaction length to characterize short-,
medium-, and long-horizon evaluation regimes.
B.1 ScienceWorld

B.2 Vi 1H
ScienceWorld contains 30 task types spanning ten VirtualHome

science topics. Following the reporting format  VirtualHome (Puig et al., 2018) represents house-
of OntoGuard, Table 8 lists the average oracle- hold activities as executable programs in graph-
trajectory length (*Len) and available variations  structured scenes. Table 9 summarizes the bench-
in each data split. The horizon summary groups  mark setup.
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Task Type Topic Name *Len | #Vars: Train  Dev Test
1-1 Matter Changes of State (Boiling) 107.7 14 7 9
1-2 Matter Changes of State (Melting) 78.6 14 7 9
1-3 Matter Changes of State (Freezing) 88.9 14 7 9
1-4 Matter Changes of State (Any) 75.2 14 7 9
2-1 Measurement  Use Thermometer 214 270 10 10
2-2 Measurement  Measuring Boiling Point (known) 35.2 218 10 10
2-3 Measurement  Measuring Boiling Point (unknown) 65 150 10 10
3-1 Electricity Create a circuit 13.6 10 5 5
3-2 Electricity Renewable vs Non-renewable Energy 20.8 10 5 5
3-3 Electricity Test Conductivity (known) 25.6 450 225 225
3-4 Electricity Test Conductivity (unknown) 29 300 10 10
4-1 Classification  Find a living thing 14.6 150 10 10
4-2 Classification  Find a non-living thing 8.8 150 10 10
4-3 Classification  Find a plant 12.6 150 10 10
4-4 Classification  Find an animal 14.6 150 10 10
5-1 Biology Grow a plant 69.5 62 10 10
5-2 Biology Grow a fruit 79.6 62 10 10
6-1 Chemistry Mixing (generic) 33.6 16 8 8
6-2 Chemistry Mixing paints (secondary colours) 15.1 18 9 9
6-3 Chemistry Mixing paints (tertiary colours) 23 18 9 9
7-1 Biology Identify longest-lived animal 7 62 10 10
7-2 Biology Identify shortest-lived animal 7 62 10 10
7-3 Biology Identify longest-then-shortest-lived animal 8 62 10 10
8-1 Biology Identify life stages (plant) 40 6 3 5
8-2 Biology Identify life stages (animal) 16.3 4 2 4
9-1 Forces Inclined Planes (determine angle) 97 84 42 42
9-2 Forces Friction (known surfaces) 84.9 692 346 348
9-3 Forces Friction (unknown surfaces) 123.1 80 40 42
10-1 Biology Mendelian Genetics (known plants) 130.1 60 30 30
10-2 Biology Mendelian Genetics (unknown plants) 132.1 240 120 120
Short (0 < *Len < 20) 11.76 81.80 8.60 8.80
Medium (20 < *Len < 50) 28.58 161.00 35.00 35.25
Long (*Len > 50) 94.30 123.83 53.00 54.00
Overall (avg) 49.26 119.73 3340 33.93
Overall (sum) N/A 3,592 1,002 1,018

Table 8: Statistics of the ScienceWorld benchmark. *Len is the average length of oracle-agent trajectories; variations
are reported for each official split. Horizon summaries use the underlying unrounded trajectory lengths, so they can
differ by 0.01 from averages recomputed from the displayed one-decimal task values.

Aspect Specification

Scenes 7 household scenes (scene IDs 0—
6)

Environment encoding JSON graph with object nodes and
relational edges

Program as a sequence of atomic
action instructions

Initial/final graphs and per-step
state lists

Activity encoding

Executable state data

Evaluation settings In-Distribution, NovelScenes,
NovelTasks
Tasks per setting 60

Table 9: VirtualHome environment and evaluation statis-
tics.

C Implementation Details and Prompt
Interfaces

Computational Cost. Table 12 reports tokens
per action. PFT adds no extra LLM call: cgs is
planner-emitted, I, is cached, and the decision-
rule checks are deterministic.

Prompt Interfaces. We specify prompt behavior
through input—output interfaces rather than repro-
ducing full templates. The planner receives the
current observation oy, history H, and goal g, and
returns an action a;, expected outcome é;, and con-
fidence label ¢ € {HIGH, MEDIUM, LOW}. PFT
consumes £ as cg e via CONFMAP without another
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LLM call, while HCA uses é; for outcome com-
parison. PRI receives (a¢, 0141, €1, Ascore) and
outputs 7; € {+1,—1,0}. HCA hint extraction
compares (a, é;, 0111, e;) and returns a binary use-
fulness score plus an optional concise hint. The
structured HCA judge maps (a¢, a$™, hint) to one
of IDENTICAL, PARAM_DIFF, MISSING_PRECOND,
WRONG_OBJECT, WRONG_TIMING, or BOTH_WRONG.
Finally, hypothesis generation is invoked only af-
ter a BAD/allow contrast with no matching active
rule; it receives the failed action, hindsight sig-
nal, and target graph type, then returns a candidate
symbolic rule for consistency checking before in-
sertion. These interfaces define the algorithmic
contract, but the current artifact does not contain
the exact historical prompt strings or parser logs.

CCA Weight Schedule. CCA uses default
weights [0.35, 0.25, 0.40] for [Vpry, Vsps, Vircal-
Environment errors use [0.55,0.20,0.25], and
silent reward uses [0.35,0.10, 0.55]. Invalid HCA
hints use [0.583,0.417, 0], obtained by proportion-
ally renormalizing the default PRJ/SPS weights.
These fixed schedules are not tuned on evaluation
data.

Static Prompt Audit. Each rendered CCA input
(PRJ, HCA hint extraction, structured rubric judge)
is scanned for serialized /C; content (rule text, edge
list, node list); detected leakage aborts and logs
the call. PFT needs no audit because it makes no
LLM calls at all on the decision path. Only post-
judgment hypothesis generation may reference the
target graph type, and its output is still filtered by
the consistency check.

D Transfer and Falsification-Cost
Diagnostics

Table 10 gives the full initialization diagnostic un-
der decreasing source—target relatedness. Within-
topic initialization reuses 72% of the source rule
graph. The source retest uses the same aggregate
transfer protocol before and after transfer and is
not the 1-1 row of Table 7.

Setting Transfer pair Result

Within-topic 1-1 — 1-2 +25.6 target score (ep. 1—
SW 10)

Cross-topic  1-1 — 4-1 +3.5 target score

SwW

Cross- SW — VH +0.4 target SR

benchmark

Source retest aggregate 91.85 vs. 91.70
source evalua-

tion

Table 10: Initialization diagnostic for transfer of K.
SW = ScienceWorld; VH = VirtualHome. ScienceWorld
rows use Final Score; the VirtualHome row uses SR.

Table 11 reports falsification cost separately
from task performance. The paired challenging-
episode counts include both cases harmed by adap-
tation and cases repaired only by adaptation.

Diagnostic Window / sam- Value
ple

Failed PFT trials per ep. 1-25 2.8

episode

Failed PFT trials per ep. 76-100 0.6

episode

Maximum  failed all episodes 6

PFT trials

Budget cap Bmax all episodes 10

AdaptiveGuard-only 200 paired 8/200

failures episodes (4.0%)

AdaptiveGuard-only 200 paired 34/200

successes episodes (17.0%)

Net paired gain over

same paired set

+13.0 pp

OntoGuard

Table 11: Safety-cost diagnostics for bounded falsifica-
tion. The net paired gain is in percentage points (pp).

Rule precision of 0.84 is a rule-graph quality
measure, not a guarantee of zero unsafe execution.
The budget limits consecutive failed or ambiguous
PFT trials, while the observed counts quantify their
frequency; neither bounds action-harm magnitude.
With 7 = 0.25, ceef < 0.9, and I < 1, any
rule with conf(r) > 1 — 0.25/0.9 ~ 0.7222 has
F < 0.25 and cannot pass the strict F' > 7 gate.
A failed trial consumes budget and reinforces the
responsible rule, making repeated mistaken chal-
lenges harder. The planner emits cgejr, Whereas Iqpi¢
uses cached successful trajectories, deterministic
path relevance, and goal-reachability loss.
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E Efficiency: Tokens and PFT LLM Calls

Method Short Med. Long Overall
SwiftSage 71630 1277.52 444.09 757.07
ReAct 1047.52 1742.18 2893.19 1971.03
DGAP 1150.25 1850.60 3050.45 2097.09
OntoGuard 1250.40 1980.80 3150.15 2205.07
AG (early) 1395.20 2284.10 3705.40 2556.32
AG (converged) 1218.40 1908.30 2945.20 2093.09

Table 12: Tokens per action (t/a). AG = AdaptiveGuard.
“early” = ep 1-30; “converged” = ep 71-100.

Table 12 shows that AdaptiveGuard costs 15.9%
more tokens early than OntoGuard due to
PRJ/HCA querying, but 5.1% fewer tokens af-
ter convergence because the refined rule graph
prunes invalid actions earlier. Overall values
are task-level averages weighted by the 10/8/12
Short/Medium/Long task counts. PFT adds zero
decision-path LLM calls by using planner-emitted
Cself and deterministic decision-rule checks.

F Finite-Horizon Diagnostics for
Conditional Properties

Independent Gold-Standard C*. To avoid cir-
cular evaluation, X* combines three model-
independent sources:

K* = Koracle ) ’Cengine U Khumana (15)

where Koracle comes from ScienceWorld oracle
traces, Kengine from public engine preconditions,
and Khyman from three graduate annotators over
100 sampled (state, valid-actions) pairs. Krippen-
dorff’s « is 0.83, and no element of K* is derived
from AdaptiveGuard outputs.

Metric Epl Ep10 Ep25 Ep50 Ep75 Ep100

KeAKT| 39.0 285 19.7 123 74 4.7
Bias proxy 85 — 57 34 20 12

Table 13: Finite-horizon diagnostics associated with
Propositions 1 and 3 on ScienceWorld.

Episode range Failed PFT/ep Max Bound

1-25 2.8 6 10
26-50 1.9 5 10
51-75 1.1 4 10
76-100 0.6 3 10

Table 14: Finite-horizon diagnostic associated with
Proposition 2. Failed PFT/ep is the average number
of failed falsification trials per episode; Max is the max-
imum number in one episode. The bound applies to
consecutive failed or ambiguous trials, not to all rule
violations caused by missing rules.

Tables 13—14 report diagnostics related to all
three propositions; finite-horizon trends do not
prove their asymptotic assumptions:

* Proposition 1. |[C;AKC*| decreases from 39.0
to 4.7 (88% reduction) over the measured hori-
zon.

* Proposition 2. The observed maximum num-
ber of failed PFT trials stays below Bpax =
10 (peak 6 in early training, mean 0.6 by ep
76-100), consistent with the within-episode
consecutive failed-or-ambiguous-trial bound.

* Proposition 3. The operational conservative-
bias proxy » ;. cc,\ o+ conf(r;) declines from
8.5 to 1.2 at the reported checkpoints.

G Hyperparameter Sensitivity

Param Value —50% —25% +25% +50% Range

Ohigh 0.70 89.85 91.05 91.20 90.10 1.85
Grow 0.20 9020 91.10 91.40 90.30 1.50
T 0.25 88.65 9095 91.20 90.05 3.05
K 0.50 89.50 90.85 91.10 89.75 2.20

Default Overall Score: 91.70

Table 15: Hyperparameter scan on ScienceWorld Over-
all. Range includes the 91.70 default score together with
the four perturbed settings; peak-to-trough variation is
< 3.05.

Table 15 shows a 3.05-point peak-to-trough range
when the default is included. Most perturbed set-
tings exceed OntoGuard (89.56); only 7 — 50%
and k — 50% fall slightly below, by 0.91 and 0.06
points.

H Failure-Mode Analysis

We sample 200 AdaptiveGuard failure episodes and
classify them into seven mutually exclusive cate-
gories. This failure-only audit is distinct from the
separate 200-episode paired comparison reported
below.
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ID Failure category Share
F1 PFT false trial 9.5%
F2 PFT missed trial 7.5%
F3 HCA mis-attribution 20.5%
F4 Oscillation freeze of a correct rule 9.5%
F5 PRI soft-failure miss 8.0%
F6 Hypothesis-quality issue 15.0%

F7 Task beyond LLM capability boundary 30.0%

Table 16: Failure-mode analysis over 200 AdaptiveG-
uard failure episodes.

Table 16 shows that about 30% are F7 (be-
yond LLM capability), while the largest method-
attributable categories are HCA mis-attribution (F3,
20.5%) and hypothesis quality (F6, 15.0%). Sep-
arately, in a second paired set of 200 challeng-
ing episodes, 158 cases are shared failures, 8 are
AdaptiveGuard-only failures (4.0%), and 34 are
AdaptiveGuard-only successes (17.0%), yielding a
+13 percentage-point net gain against OntoGuard.

I Additional Robustness and Sensitivity
Analyses

This section supplements the main-text safety-cost
analysis (Section 4.7) with robustness checks for
sparse data and environment shift, judge reliability,
state—action visitation, and rule-graph scale. Unless
otherwise stated, entries are means over the same
three random seeds and use the same task splits
and GPT-4 backbone as the main experiments.

I.1 Sparse-Data and Environment-Shift
Robustness

Table 17 isolates the two endpoints of the 30-task
sparse-expert simulation. The benchmark and plan-
ner remain fixed while the oracle demonstrations
used to initialize the rule graph are reduced. Adap-
tiveGuard incurs a smaller performance drop than
OntoGuard, while its 10% result remains below the
full-data static-guard score.

Data OntoGuard AG AG margin
100% 89.56 91.70 +2.14

10% 53.00 71.00 +18.00
Drop magni- 36.56 20.70 Onto/AG =
tude 1.77x

Table 17: Sparse-expert robustness on the 30-task Sci-
enceWorld extension.

Table 18 reports the recovery-latency summary
for the controlled ScienceWorld shift. All meth-
ods receive the same post-shift interaction window;

lower latency is better, and co denotes no recovery
within the 100-episode horizon.

Method Recovery latency L
OntoGuard 00
Self-Refine 47.8
Reflexion 41.6
ISR-LLM 36.4

CLIN 31.2
AdaPlanner 27.4
AdaptiveGuard 14.6

Table 18: Recovery latency after the episode-50 Sci-
enceWorld environment shift.

1.2 Judge Reliability and Attribution
Safeguards

Table 19 varies the judge configuration while hold-
ing the planner, rule initialization, and budget fixed.
Weaker instructions and single-vote judging reduce
performance and rule precision, but the structured
HCA route remains above the no-HCA condition.
This sensitivity is consistent with the HCA hint
audit (75.5% accuracy and 52.5% specificity) and
makes judge dependence an explicit limitation.

Judge setting NovelScenes Rule Prec. HCA
SR Acc.

GPT4,m =3 71.50 0.84 75.5%

GPT4,m=1 68.90 0.78 69.0%

Weaker instruc- 66.20 0.72 64.5%

tions, m = 3

Weaker instruc- 63.80 0.68 59.0%

tions, m =1

No HCA 61.40 0.63 —

(PRJ+SPS)

Table 19: NovelScenes judge sensitivity.

Mechanism Role in attribution control

m = 3 voting
Structured labels

Reduces single-sample judge variance
Prevents free-form hints from directly
becoming rules

Avoids forced updates under ambigu-
ous evidence

Consistency and Blocks contradictory or unstable rule

UNCERTAIN band

oscillation checks edits

Tentative Prevents new hypotheses from becom-
Beta(1,1) ini- ing hard constraints immediately
tialization

Table 20: Safeguards applied to HCA-derived rule up-
dates.

Table 20 summarizes the controls applied to
HCA-derived edits. These safeguards prevent a
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single unsupported hint from becoming an immedi-
ately enforced rule; ambiguous evidence receives
only a weak update. Here, “causal” in CCA denotes
operational directional attribution from contrastive
hindsight feedback, not formal causal identifica-
tion.

I.3 Visitation and Rule-Graph Scaling

The convergence statements assume repeated visits
to rule-relevant state—action pairs. Table 21 reduces
that visitation rate while preserving the task distri-
bution. Lower visitation slows rule repair and in-
creases conservative bias, but the update direction
remains stable over the finite evaluation horizon.

Visitation Rule error Cons. bias Overall
Full (100%) 4.7 1.2 91.70
Half (50%) 8.9 2.1 90.10
Sparse (25%) 13.8 3.7 87.60

Table 21: ScienceWorld visitation stress at episode 100.

We also scale the stored rule graph with inactive
rules while preserving the active task distribution.
Table 22 reports the resulting symbolic-operation
costs. Retrieval is hash-indexed by action template
and object/state predicates, while contradiction and
acyclicity checks are local to edited predicate sub-
graphs.

Graph Retrieval Check (ms) Runtime
scale (ms)

1x 0.18 2.3 2.1%

5% 0.19 2.7 2.4%
10x 0.20 34 2.9%

Table 22: Rule-graph scaling micro-benchmark. Re-
trieval and consistency-check values are milliseconds;
Runtime is the share of per-action runtime excluding
LLM calls.

The near-constant retrieval time and small
consistency-check share indicate that LLM calls,
rather than graph maintenance, dominate the tested
runtime. Larger open-ended environments may
nevertheless require indexing and pruning beyond
the present benchmark scale.

I.4 Decision Semantics and Reproducibility
Clarifications

For completeness, the implementation semantics
are as follows. If no confirmed rule blocks the pro-
posed action, the action is ALLOW and is executed
directly; matching tentative rules are retained for

post-execution attribution. If confirmed blockers
are present, r* denotes the blocker with maximum
challenge score and is the unique rule used for the
contrastive update. A trial is permitted only when
every confirmed blocker satisfies the trial thresh-
old; otherwise the action is BLOCK and the planner
replans without execution. This makes explicit that
the budget bounds falsification trials, not missing-
rule violations.

The sparse-data diagnostic keeps the 30-task ag-
gregate and planner fixed while varying the ora-
cle supervision used to bootstrap the initial rule
graph. The adversarial-shift diagnostic changes en-
vironment dynamics at episode 50 of a 100-episode
sequence and reports immediate degradation and
recovery latency under a matched interaction win-
dow. The retained summaries record matched GPT-
4 backbone and action-cap conditions for the LLM-
based comparisons, but not the exact API snap-
shot, numeric cap, subsampling manifests, or shift-
instance manifest; these omissions delimit repro-
ducibility.

PRIJ uses majority voting for its discrete audit
label. Scalar fusion uses the signed mean of the
same votes, so the majority label and scalar carry
complementary information. This is why Case 2
reports a majority of 0 together with a raw mean of
—0.33.

The source-retest row in Table 10 uses the same
aggregate transfer-diagnostic protocol before and
after warm-start transfer. It is not the 1-1 task row
or the 30-task Overall value in Table 7.

J Case Studies

Case 1 (PFT correctly challenges a stale rule
with a trial under the three-factor formula).
In modified “boil water”, OntoGuard blocks ev-
ery turn-on heater action via CHARGE_FIRST.
AdaptiveGuard also blocks at Episode 12 (cger =
MEDIUM, F' = 0.083 < 1), but after repeated ev-
idence the planner raises cgjr to HIGH. At Episode
27, F = (1 -0.71) - 09-0.97 = 0.253 > T
and B > 0, so a TRIAL fires. The trial succeeds,
B += 1, and the rule later enters the deprecated
tier. The PFT decision path adds no extra LLM
calls.

Case 2 (HCA structured rubric provides direc-
tional attribution under zero reward). In “grow
plant”, open(bee_hive) at Adult stage yields
“Nothing happens”, no error, and no score change.
PRJ (m = 3) votes {0, —1,0} (majority = 0, raw
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mean —0.33), and SPS delta = 0. HCA extracts
the hint “The plant must reach Flowering stage be-
fore pollinator introduction; Adult # Flowering.”;
the enhanced action is wait_for(flowering), la-
beled MISSING_PRECOND with score —0.8 and tar-
get Gpep.  With silent SPS, @ = 0.55(—0.8) +
0.35(—0.33) = —0.56 < 67, so CCA generates
“open(bee_hive) requires plant.stage == Flowering’
as Beta(1, 1) tentative. Without HCA, @) remains
UNCERTAIN and no hypothesis is added.

Case 3 (Consistency guard prevents oscillation).
During episode 73 of a Chemistry task, the rule
USE_GLOVES_BEFORE_ACID is added and removed
three times in an 8-step window. The oscillation
guard (W = 10, threshold 2) detects the third flip
and freezes the rule, preventing repeated oscillatory
edits.

Case 4 (SCB lifecycle wunder shift).
R_pollinate_after_flowering is born at
episode 3 (tentative, Beta(l,1)) after HCA
MISSING_PRECOND, promoted at episode 8 (conf
0.80), and enforced through episodes 8—49
(F < 7, cseif = MEDIUM). After the episode-50
shift removes the precondition, CCA accumulates
(B-evidence from GOOD bypasses; when conf
falls to ~0.71 and ¢ becomes HIGH, a TRIAL
succeeds at episode 70. The rule later enters
the deprecated tier at episode 88, completing a
38-episode post-shift transition from confirmed to
deprecated.

K Proofs of Theoretical Properties

This appendix provides the formal statements and
corresponding proof sketches for the theoretical
properties introduced in §3.

Proposition 1 (Asymptotic Correctness). Let H be
the candidate hypothesis space explored by CCA.
Assume (i) IC* and H are finite, (ii) K* C H and
each rule has an identifiable state—action witness,
(iii) for some € > 0, the history-conditional proba-
bility of executing every unresolved rule’s witness
is at least €, and (iv) CCA assigns the correct rule-
status update for each observed witness. Then, the
active rule set K1 converges to K* almost surely
asT — oo:

]P( lim Ky = /c*) —1. (16)
T—o00

Proof Sketch. The convergence requires proving
both soundness (K \ £* — ) and completeness
K\ K — 0).

3]

Step 1: Soundness (Elimination of False Rules).
Consider a spurious rule r; € K \ I*. The history-
conditional visitation lower bound implies that its
witness is executed infinitely often almost surely.
Under the attribution assumption, each such obser-
vation yields refuting evidence. With «; fixed and
B; increasing, conf(r;) = «;/(a; + ;) converges
to 0. Consequently, there exists a finite time 7}
such that conf(r;) < 0w, at which point r; enters
the deprecated state.
Step 2: Completeness (Discovery of Missing
Rules). Consider a missing rule r; € K* \ K;.
Realizability and identifiability ensure that an ob-
served witness lets CCA instantiate the correct r;
as a tentative hypothesis. Subsequent matched vio-
lations are executed because tentative rules do not
hard-block; correct failed outcomes increase «;
until conf(7;) > Ghign, promoting r; to confirmed.
Because the relevant sets are finite, the inter-
section of these almost-sure soundness and com-
pleteness events also has probability one. The re-
alizability, attribution, and visitation assumptions
are idealized conditions rather than guarantees for
an unrestricted open world; in particular, the per-
episode budget reset does not itself ensure the re-
quired visitation lower bound. O

Proposition 2 (Bounded Exploration Count).
Within one episode, the maximum number of con-
secutive failed or ambiguous TRIAL actions is
upper-bounded by Bpnax = 2Bpase. This propo-
sition does not bound unsafe actions caused by
missing rules, which are outside the PFT budget.

Proof Sketch. The budget dynamics are clipped to
[0, Bmax]:

success,
failure/uncertainty.

Boyr — {mln{BmaX, B: + K}, a7

max{0, Bs — 1},

A necessary condition for initiating a TRIAL is
B: > 0. Since B; < Bmax and every failed or
ambiguous trial decrements it by one, a consecutive
run cannot exceed B, before the budget reaches
zero. Successful trials may replenish budget, so the
statement does not bound the total number of trials
in an episode. 0

Proposition 3 (Rule-wise Conservative-Bias De-
cay). For a fixed spurious rule r;, every correctly
attributed refutation strictly decreases conf(r;). At
any fixed time, if conf(r;) is additionally calibrated
to upper-bound the probability that r; causes a

25204



false block, then

P(Epp) <mind 1, > conf(r;) (18)

TiG]CT\]C*

Without this extra calibration assumption, the sum
is only an operational conservative-bias proxy. The
aggregate proxy is not guaranteed to be monotone
when CCA introduces new hypotheses.

Proof Sketch. For fixed o; > 0, a correct refuta-
tion changes the confidence from «;/(a; + ;) to
a;/(a; + B; + A) for A > 0, which is strictly
smaller. Under the optional calibration assump-
tion, a union bound over the active spurious rules
yields the displayed probability bound, clipped at
one. New spurious hypotheses can add positive
confidence mass, so this rule-wise argument does
not establish global monotonicity of the aggregate
proxy. O

L Full Algorithm

Algorithm 1 gives the closed-loop procedure for
SCB, PFT, and CCA (§3). The planner emits ac-
tion, expected outcome, and self-confidence in one
pass; SCB retrieves violated tiers; PFT applies the
challenge score and budgeted decision rule; CCA
then fuses PRJ/SPS/HCA signals to update beliefs
or generate typed hypotheses. Periodic tier updates
promote or deprecate rules by confidence.

Algorithm 1 AdaptiveGuard Closed-Loop Plan-
ning

Require: Goal g, initial state (Oq, K¢); action cap Amax
Require: Thresholds Oioy < Onigh, 7,0, 0T

Require: Budget Byase, cap Bmax, refund «; hyperparams 1, N, m, m g, €o
Require: Confidence map CONFMAP

Ensure: Updated rule belief /C

1: Initialize K, T4, H, S, planning graph

2: B+ Bpyert — 0

3: while task not terminal A ¢ < Apax do

4: Phase 1: Planning

5 (at, é¢, £) < PLANNER(H, g)

6: Cself < CONFMAP[/]

7: Phase 2: Rule activation and PFT decision

8: Vtc — {’I”i € Kconfirmed : Ti blocks dt}

9 V,;F < {ri € Ktentative : 7; matches a¢ }

10:  if VS = o then
11: decision <— ALLOW
12 else
1 I, + 0.5if T, = @;else min{1, max(freq, path, bot) +€o }
14: F; + (1 — conf(r;)) - cseif - It foreach r; € VE
15: r* + arg max, cyo F;
16: ifmin__,c F; > 7 A B> 0then
i €Vg
17: decision +— TRIAL
18: else
19: decision <— BLOCK + replan
20: end if
21: end if
22:  if decision = BLOCK then
23: Append block feedback to H; t <— t + 1; continue
24 end if
25: Phase 3: Execution
26: Execute G, observe Oy 1, e, score 41
27: Phase 4: Contrastive causal attribution
28: (LPRJ, VpR,J) < PRJJUDGE(m)
29: Vsps <+ EVALNORMALIZEDSPS(S, scores 1)
30: (Vizca, Luca) < STRUCTUREDHCA (m, myr)
31: w < WEIGHTSCHEDULE(e¢, Vsps, Vizca)
32: Q< w'[Vpry, Veps, Vical
33:  Judgment < THRESHOLD(Q, 6, 07)

34 Phase 5: Rule belief update
35: if decision = TRIAL then

36: if Judgment = GOOD then

37: Br*) +=1

38: B+ B+x

39: B + min(B, Bmax)

40: else if Judgment = BAD then

41: a(r*) +=1; B + max(0, B — 1)

42: else

43: B + max(0,B — 1)

44 end if

45: else if VI' # o then

46: for all r; € V' compatible with the attribution target do

47: if Judgment = GOOD then

48: B(ri) +=1

49: else if Judgment = BAD then

50: a(r;) +=1

51: else if Q > O then

52: B(ri) +=mn

53: else if Q < O then

54 a(r;) +=n

55: end if

56: end for

57: else if Judgment = BAD then

58: Pnew < GENERATETYPEDRULE(Lpca, LPRrJ, evidence)

59: Merge evidence into an equivalent rule; else insert hpey as
Beta(1, 1)

60: end if

61:  Phase 6: Bookkeeping

62:  CONSISTENCYCHECK(K)

63: Update (S, H)

64:  ift mod N = 0 then

65: Promote/deprecate rules via (Ojow, Ohigh)
66:  endif

67: t«t+1

68: end while

69: if terminal score > success threshold then

70: Ty < T4 U {trajectory}

71: endif

72: return K




