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Abstract

Chain-of-Thought reasoning improves the explainability of large language models,
yet verifying such reasoning remains difficult when intermediate steps express epis-
temic uncertainty rather than deterministic entailment. Neuro-symbolic verifiers
typically translate reasoning steps into rigid first-order or SMT-style constraints.
This forces each proposition into a binary truth regime and creates a Rigidity—
Ambiguity Mismatch: uncertainty-marked claims such as may, likely, or suggests
are either over-hardened into deterministic assertions or rejected as unverifiable.
We propose PROBVERI, a probabilistic soft-logic framework for formal verification
under uncertainty. The key idea is to represent uncertainty-marked reasoning steps
as weighted soft logical constraints over continuous truth assignments, so that
partial evidential support remains expressible. Building on this soft-logic represen-
tation, we formulate verification as a contrastive energy minimization problem: a
step is considered supported when its natural interpretation has lower verification
energy than its negated counterpart under the same evidence, soft rules, and as-
sumption regularization. Probabilistic Soft Logic defines the logical energy through
weighted hinge-loss constraints. We introduce a support-grounded assumption
penalty that discourages unsupported latent bridge assumptions between context
and claim. The resulting energy gap provides a confidence-scored verification
signal that separates unsupported steps from weakly but consistently supported
inferences. Experiments on ProofWriter, BioASQ, and LegalBench-SARA show
that PROB VERI recovers more verified-correct reasoning traces than rigid verifiers
while reducing over-acceptance compared with soft-only PSL. These results sug-
gest that uncertainty-aware verification benefits from soft logical formalization and
contrastive comparison between natural and negated interpretations.

1 Introduction

Large language models increasingly rely on Chain-of-Thought reasoning to make intermediate
reasoning steps visible [1} 2,13 4] |5]. Recent work further improves reasoning by exploring, refining,
or optimizing reasoning paths [6l [7, |8]. This transparency is useful, but it does not in itself guarantee
reliability. A generated reasoning chain may appear coherent while containing unsupported claims,
implicit assumptions, or locally invalid transitions. In high-stakes domains such as medicine, law,
and scientific reasoning, the central challenge is therefore not only to generate a plausible reasoning
trace, but to verify whether each intermediate step is justified by the available context.

A natural response is to combine language models with external verifiers. Existing neuro-symbolic
approaches extract logical structure from generated reasoning and check it using formal solvers,
theorem provers, executable programs, or satisfiability engines [9, [10, [11} 12} |13} 14]. These methods
provide strong guarantees when a reasoning step can be faithfully translated into deterministic
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37 symbolic form. In such cases, verification can be reduced to checking whether the premises entail the
38 claim, contradict the claim, or fail to translate into the solver language. However, this verification
39 regime implicitly assumes that the proposition being checked has a binary semantic status.

V4 Reasoning step: Hypertension may be a biomarker of therapeutic efficacy.
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Figure 1: From rigid verification to uncertainty-aware contrastive verification. Rigid verification
translates an uncertainty-marked step into hard symbolic representation and applies a binary solver
check. This can mistake weak but valid evidential support for an evidence mismatch, producing
either an unverifiable outcome (L) or a false rejection. In contrast, PROBVERI preserves uncertainty
through soft formalization, compares the natural and negated interpretations under shared evidence,
and uses the energy gap AE = Eye — Enat to produce a confidence-scored verification signal.

40 This assumption breaks down for many natural-language CoT steps. Reasoning traces often contain
41 epistemic markers such as may, likely, suggests, could indicate, or is associated with. These
42 expressions are not stylistic noise; they indicate that the step expresses weak or partial evidential
43 support rather than deterministic entailment. For example, the statement “Hypertension may be
44 a biomarker of therapeutic efficacy” does not assert the hard fact IsBiomarker(HTN, Efficacy).
45 It instead states that the available evidence may support such a relation. A rigid verifier has only
46 unsatisfactory options: it can harden the statement into a deterministic predicate, thereby changing its
47 meaning, or it can reject the step as untranslatable. In the latter case, the solver effectively returns
48 an unverifiable outcome 1, which may appear as a false rejection even when the original step is
49 plausibly but weakly supported.

50 We call this failure mode the Rigidity—Ambiguity Mismatch: rigid verifiers require binary truth
51 assignments. However, many reasoning steps in natural language are not that definite. When a step
52 uses words such as may, likely, or suggests, it usually expresses partial evidence rather than a hard
53 claim. The key insight is that such ambiguity should not be treated as a translation error. Instead,
s4 the verifier should keep the uncertainty and reason about it directly. An uncertainty-marked step
55 should first be represented in a soft logical form that preserves partial support. The verifier then
s6 asks a contrastive question: is the original interpretation better supported by the evidence than its
57 negation? This shifts verification from binary proof checking to a comparison of which interpretation
58 is more compatible with the available evidence and constraints.

59 Building on this insight, we propose PROBVERI, a probabilistic soft-logic framework for verifying
60 reasoning under uncertainty. Deterministic steps are still handled by a rigid symbolic path, but
61 uncertainty-marked or weakly grounded steps are handled by a probabilistic soft-logic path. In this
62 path, Probabilistic Soft Logic (PSL) represents reasoning steps as weighted soft constraints over
63 continuous truth assignments [T6]]. Importantly, the weight of each rule is determined by how well
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64 the surrounding context supports it, rather than by the LLM’s own opaque confidence. To prevent
65 the soft path from validating claims by inventing unsupported missing premises, PROBVERI adds a
66 support-grounded assumption penalty over latent bridge assumptions. Verification is then performed
67 by comparing the optimized energy of the step’s natural interpretation with the optimized energy of
68 its negated interpretation. The difference between these two energies gives a graded confidence score
69 for how well the original step is supported.

70 Figure|l|summarizes this contrast: rigid verification forces uncertain support into binary checking,
71 whereas PROBVERI preserves uncertainty and evaluates the natural interpretation against its negation
72 through an energy gap. Empirically, this formulation addresses two opposite failure modes. Rigid
73 symbolic verification is precise but often rejects uncertainty-marked steps because they cannot be
74 faithfully translated into hard entailment. Soft-only verification covers more cases, but it can also
75 over-accept weakly supported claims. Across logical, biomedical, and legal reasoning benchmarks,
76 PROBVERI verifies more correct reasoning traces than rigid verifiers, while reducing over-acceptance
77 compared with soft-only PSL, suggesting that uncertainty-aware verification requires both soft logical
78 formalization to preserve graded support, and natural-versus-negated contrast to prevent weak claims
79 from being accepted too easily.

so  Our contributions are threefold:

81 * We identify the Rigidity—-Ambiguity Mismatch in verifying uncertainty-marked CoT reasoning,

82 where weak evidential support is hardened into binary entailment or rejected as unverifiable.

g3 * We introduce a probabilistic soft-logic formulation that represents uncertain steps as weighted soft
84 constraints and verifies them through natural-versus-negated energy minimization.

85 * We evaluate PROBVERI across logical, biomedical, and legal reasoning benchmarks with multiple
86 reasoning backbones. The results show that PROBVERI accepts more correct reasoning traces
87 than rigid verifiers, but does not become as overly permissive as soft-only verification.

s 2 Problem Formulation

89 A reasoning trace is a sequence of natural-language steps, where each step is a local inference toward
90 the final answer. For example,

s1 : “The patient has hypertension.”
so : “Hypertension may indicate treatment efficacy.”
s3 : “Therefore, the treatment is likely effective.”

91 Here, s; states a relatively determinate fact, while so and s3 express uncertain inferences marked by
92 words such as may and likely.

93 Formally, let @) be the query and C be the available context, such as retrieved documents, premises,
94 or case facts. A language model produces a reasoning trace S = {s1, ..., sr}. At step t, the verifier
95 observes the accumulated history H;—; = C' U {s1, ..., s;—1} and decides whether the candidate
9 step s; is supported by this history. For example, when verifying sz, the verifier uses C' and s; to
97 judge whether the evidence supports the uncertain claim that hypertension may indicate treatment
98 efficacy.

99 Standard symbolic verification treats this as hard entailment. It translates s; into a logical proposition
100 @, and checks whether g; follows from, contradicts, or cannot be verified from H;_ [9,[10} 14} 17,
101 |18]]. We write the hard verification outcome as

Vhard(sthtfl) S {1707 J—}7

102 where 1 means verified, 0 means contradicted, and . means untranslatable or unverifiable. This
103 works for deterministic steps, but becomes brittle when a step expresses uncertainty.

104 Many CoT steps in biomedical, legal, and scientific reasoning contain epistemic markers such as may,
105 likely, suggests, or could indicate. These markers are not stylistic noise; they change the meaning
106 of the claim. For instance, s;: “Hypertension may indicate treatment efficacy” does not assert the
107 hard proposition Indicates(HTN, Efficacy). Instead, it expresses partial evidential support. We
108 represent such an uncertainty-marked step as s; = (p¢, ut), where p; is the predicate-level content
109 and uy is the uncertainty condition or evidential force. In this example, p; is the relation between
110 hypertension and efficacy, while u; = may indicates weak or partial support.
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This leads to the Rigidity-Ambiguity Mismatch: rigid verification expects binary truth values, while
uncertainty-marked reasoning expresses graded support. A rigid verifier must either harden the
uncertain step into a deterministic proposition, thereby changing its meaning, or return L, thereby
rejecting a plausibly supported step as unverifiable.

Our goal is to verify both deterministic and uncertainty-marked steps. The verifier outputs a step-level
confidence score x; € [0, 1] and a binary verification label g, € {0, 1}. For deterministic steps, hard
symbolic checking may be sufficient. For uncertainty-marked steps, the verifier should preserve
graded support, penalize unsupported assumptions, and distinguish weakly supported inferences from
hallucinations. The next section describes how PROBVERI implements these requirements using

120 probabilistic soft logic and contrastive energy-based verification.

121 3  Method

122 PROBVERI verifies CoT reasoning with a dual-path design. Deterministic steps are handled by a rigid
123 symbolic verifier, preserving the precision of solver-based verification when the step can be faithfully
124 formalized as a hard claim. In contrast, uncertainty-marked steps are verified by a probabilistic
125 soft-logic path. The main methodological contribution lies in the soft path: For an uncertain step, it
126 first represents the step with soft logical rules that allow partial truth. It then penalizes unsupported
127 missing links between the context and the claim. Finally, it compares the original interpretation with
128 its negation. A step is assigned higher confidence when the original interpretation fits the evidence
129 better than the negated one.

130 3.1 Overview

131 Given a query @, context C, and reasoning trace S = {s1,..., ST}, PROBVERI verifies the trace
132 step by step. At step ¢, it extracts a local support context P, C H;_; and routes s; to one of two
133 paths. Deterministic steps are checked by an SMT-style rigid verifier [19], while steps with epistemic
134 markers or weak evidential support are checked by the PSL soft-logic path. A support gap occurs
135 when a step is plausible but requires an additional bridge assumption beyond the local context. The
136 two paths are then combined into unified step-level and trace-level verdicts.
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Figure 2: Overall framework of PROBVERI. A generated CoT trace is verified step by step
through a router-and-dispatch mechanism. Deterministic steps are sent to a rigid symbolic path, while
uncertainty-marked or support-gap steps are sent to a PSL soft-logic path. The soft path constructs
support-grounded weighted rules, regularizes bridge assumptions, and compares natural and negated
interpretations through an energy gap. The two paths produce unified step- and trace-level verdicts.

4

Confidential reviewer copy. This manuscript is submitted to the 40th Conference on Neural Information Processing Systems (NeurlPS 2026). Unauthorized
sharing, redistribution, or disclosure is strictly prohibited.



137 3.2 Routing and Soft Formalization

138 The router decides which verification path should be used for each reasoning step. The router uses
139 both lexical and contextual signals. Words such as may, likely, suggests, could indicate, and is
140 associated with indicate that the step should not be treated as a hard claim. The verifier also checks
141 whether the local context P; directly supports the step or whether a missing bridge is needed. If s;
142 can be faithfully written as a deterministic claim ¢, the rigid path checks whether g; follows from or
143 contradicts P;. If translation or solver execution fails, it returns L. For uncertainty-marked steps,
144 however, L may only mean that the step cannot be expressed as hard logic, so non-contradictory
145 cases can be rerouted to the soft path.

146 For a soft-routed step, PROB VERI separates the claim content from its support strength. For example,
“Hypertension may be a biomarker of therapeutic efficacy”

147 is mapped to
IsBiomarker(HTN,Efficacy),

148 while may is kept as the uncertainty condition. The local context P; is converted into observed facts
149 Oy, and a small set of candidate bridge assumptions A, is generated to capture possible missing links
150 between the context and the claim. Bridge candidates are treated as proposals rather than accepted
151 facts. A candidate is retained only if it preserves entity alignment, matches an allowed bridge type,
152 and does not contradict the local context or previously verified steps; otherwise it is rejected or
153 assigned high cost. The bridge generator cannot by itself verify a step, but only defines a bounded
154 candidate set that is later penalized and tested by the contrastive energy objective.

155 3.3 Support-Grounded PSL Energy

156 The soft path checks whether the claim is supported without allowing the verifier to freely invent
157 missing premises. Bridge assumptions are allowed, but they have costs. Let A, = {a;1,..., a1k}
158 be the candidate bridge assumptions. We define the minimum cost needed to connect the context to
159 the claim as

C; = mi Cost Lt P UA

= pin ost(a) st P ~ b,
acA’ ey

w; = exp(—nCy).
160 Here, ~» means approximate support, not strict entailment. If the claim is well supported, the required
161 cost is low and w; is high. If it depends on weak or broad assumptions, the cost is high and w; is low.
162 Using this support weight, PROBVERI builds a weighted PSL program over continuous truth values
163z € [0,1]™ [15L[16]. For a soft rule B — H, the violation is

d-(z) = max(0,I(B) — I(H)).

164 The full verification energy is

Eyer(z;8¢) = Z Wy (d,.(z))p +a Z Po (zo — y0)2 +A Z Cost(ay,i) a, , - 2)

rER: 0€O, ap €A

Eiogic(z;s¢), pe{1,2} Eevi(z;st) Eassume (2;5¢)

165 The three terms respectively measure rule violation, disagreement with observed evidence, and
166 reliance on costly assumptions. g penalizes violations of grounded soft rules, Ee,; keeps inferred
167 truth values close to observed atoms o € O, and F,ssume penalizes weakly supported or costly
168 latent bridges. Thus, a low-energy interpretation must fit the soft rules, agree with evidence, and
169 avoid unsupported assumptions. We optimize this hinge-loss objective with standard PSL inference
170 using ADMM [20]); solver details are given in Appendix [} Propositions 1-5 in Appendix [B|prove
171 convex relaxed inference, recover rigid verification as a limiting case, and show that repair cost and
172 assumption penalty monotonically discourage unsupported bridges.

173 3.4 Contrastive Verification and Trace Verdict

174 Soft verification should not accept a claim merely because its natural interpretation can be made
175 low-energy. If a claim is underconstrained, its negation may also achieve low energy. In that case,
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176 the evidence does not clearly support one interpretation over the other. This is the key difference
177 between PROBVERI and a soft-only PSL verifier. A soft-only verifier may accept a step when the
178 natural interpretation has low energy, even if the negated interpretation fits the same evidence equally
179 well. In contrast, PROBVERI compares the two interpretations directly. It accepts a step only when
180 the natural interpretation fits the shared evidence, rules, bridge candidates, and penalties better than
181 the negated alternative. Let Z,,,¢(s;) be the feasible space that softly enforces the target relation in
182 ¢y, and let Z,,e4(s;) be the feasible space that enforces the complementary condition that the relation
183 is not supported. Both use the same evidence atoms, PSL rules, bridge assumptions, and penalty
184 parameters. We define the contrastive energy gap as

AE(s;) = zegxg&si) BEyer(2;5¢) — zeg]}itn(sﬁ) Eyer(2;5¢) - (3)

Eueg(st) Euat(st)

185 A positive AFE(s;) means that the natural interpretation has lower energy than the negated interpreta-
186 tion under the same evidence and assumptions. In other words, the original step explains the available
187 information better than its negation. This follows the standard energy-based view of inference, where
188 more compatible configurations receive lower energy [21]]. The confidence score «; comes from this
189 contrast, rather than from the language model’s own reported confidence.

ki = o(YAE(s1)) .- )

190 Finally, PROBVERI combines the outputs from the two paths. Rigidly verified steps are accepted,
191 contradicted steps are rejected, and soft-routed steps are accepted according to their confidence
192 Kky. At the trace level, PROBVERI aggregates the step-level decisions and confidences. In our main
193 experiments, a reasoning trace is counted as verified only when all evaluated steps pass the verification
194 threshold and no step is contradicted. Full pseudocode and solver details are provided in Appendix [A]

15 4 Experiments

196 We evaluate whether PROB VERI improves formal verification under uncertainty. The experiments
197 focus on three aspects: verified-correct recovery across datasets and reasoning backbones, the
198 contribution of each proposed component, and the coverage—selectivity trade-off induced by the
199 verification threshold.

200 4.1 Experimental Setup

201 Benchmarks. We evaluate on three benchmarks that cover complementary verification regimes.
202 ProofWriter tests controlled logical entailment [22], BioASQ tests biomedical reasoning where
203 intermediate steps often express epistemic uncertainty or association [23]], and LegalBench-SARA
204 tests statutory reasoning with conditional or weakly grounded steps [24} 25]. We generate CoT traces
205 using three reasoning backbones: GPT-5.1, Claude 3.5, and Qwen3-8B, all with temperature 0.0. The
206 verifier does not use the backbone’s self-reported confidence; all soft verification scores are computed
207 from the proposed contrastive energy objective.

208 Baselines. We compare against representative verification baselines that produce explicit verification
209 labels. (1) LLM-as-a-Judge is an implemented neural-judgment baseline inspired by verifier-style
210 evaluation and process-supervision work [26| 27]. (2) Explanation-Refiner-style Verification rep-
211 resents theorem-prover-guided explanation refinement adapted as a verification baseline without
212 revising the final answer [13]]. (3) Direct SMT Checking directly translates each step into hard
213 symbolic constraints and verifies it through satisfiability checking [19]]. (4) Rigid Verification w/o
214 Premise Generation removes explicit premise or bridge generation from the rigid neuro-symbolic
215 pipeline. (5) VeriCoT-style Rigid Verification represents a stronger rigid neuro-symbolic verifier with
216 premise extraction and formal consistency checking [14]. (6) Soft-only PSL Verification replaces
217 hard symbolic checking with soft logical constraints [[15,116] but does not use natural-versus-negated
218 contrast or assumption regularization. Answer-level methods such as self-consistency do not produce
219 step-level verification labels and are therefore not included in the main verification table.
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220 Metrics. We report Pass Rate (PR.), Precision (Prec.), and Verified Correct Answer Rate (VCAR) for

221 each verifier. VCAR is defined as W. Equivalently, when Pass Rate and Precision are

222 written as fractions, VCAR = PassRate x Precision, and is our primary metric because it jointly
223 reflects coverage and reliability. Task Accuracy (TA.) measures the correctness of the underlying
224 generated answers. Since all verifiers are applied to the same generated CoT traces and do not revise
225 final answers, TA. is reported once for each dataset—backbone block rather than repeated for every
226 verification method. Dataset statistics, asset terms, model and prompting details, and raw-count audits
227 are provided in Appendices[KHN]

228 4.2 Main Results across Backbones

Table 1: Main verification results across reasoning backbones. For each benchmark, we report
Pass Rate (PR.), Precision (Prec.), and Verified Correct Answer Rate (VCAR). VCAR denotes the
fraction of all examples that are both verified and correct, equivalently PR. x Prec. up to rounding.
Task Accuracy (TA.) is reported once in each backbone block because verifiers do not modify final
answers. Bold numbers indicate the best VCAR within each benchmark and reasoning-backbone
block.

Method ProofWriter BioASQ LegalBench-SARA

PR. Prec. VCAR |PR. Prec. VCAR|PR. Prec. VCAR

GPT-5.1-generated CoT traces (TA.: ProofWriter 78.1, BioASQ 81.7, LegalBench-SARA 80.4)

LLM-as-a-Judge 538 79.1 426 |387 66.1 256 |312 615 19.2
Explanation-Refiner-style Verification 18.1 80.7 14.6 31 774 24 84 893 7.5
Direct SMT Checking 109 927 101 64 734 4.7 53 887 4.7
Rigid Verification w/o Premise Gen. 5.8 914 53 34 647 22 1.2 583 0.7
VeriCoT-style Rigid Verification 473 930 440 [272 864 235 |[18.1 884 160
Soft-only PSL Verification 635 754 479 |46.8 677 31.7 |38.1 609 232
PROBVERI 63.1 84.0 53.0 |469 789 37.0 |364 775 282

Claude 3.5-generated CoT traces (TA.: ProofWriter 77.0, BioASQ 80.9, LegalBench-SARA 80.3)

LLM-as-a-Judge 522 780 407 |379 641 243 |28.6 615 17.6
Explanation-Refiner-style Verification 14.5 82.1 11.9 1.8 778 14 7.1 88.7 6.3
Direct SMT Checking 103 932 9.6 57 737 4.2 47 915 43
Rigid Verification w/o Premise Gen. 36 917 33 2.5 600 1.5 0.7 429 0.3
VeriCoT-style Rigid Verification 45.0 938 422 |258 837 216 |155 865 13.4
Soft-only PSL Verification 60.5 744 450 |444 646 287 |351 57.0 200
PROBVERI 613 825 506 |448 739 331 |331 715 237

Qwen3-8B-generated CoT traces (TA.: ProofWriter 73.6, BioASQ 76.8, LegalBench-SARA 76.1)

LLM-as-a-Judge 472 725 342 |[325 582 189 |257 529 136
Explanation-Refiner-style Verification 12.7 77.2 9.8 1.3 69.2 0.9 52 827 43
Direct SMT Checking 93 903 8.4 4.6 739 34 41 829 34
Rigid Verification w/o Premise Gen. 25 920 2.3 1.9 579 1.1 0.6 50.0 0.3
VeriCoT-style Rigid Verification 403 908 366 |195 79.0 154 |109 81.7 8.9
Soft-only PSL Verification 569 69.6 39.6 |39.8 573 228 |322 481 15.5
PROBVERI 575 779 448 |388 698 271 |28.7 664 19.0

220 Table|[I|reports verification performance across three benchmarks and three CoT-generating backbones.
230 Since the verifier does not change the final answer, Task Accuracy is fixed within each backbone
231 block; the main comparison is therefore between verification coverage, measured by Pass Rate, and
232 verification reliability, measured by Precision and VCAR.

233 The results show a consistent coverage—reliability trade-off. Direct SMT Checking and rigid verifica-
234 tion variants tend to achieve high precision, but their pass rates are low, especially on BioASQ and
235 LegalBench-SARA, where intermediate reasoning contains uncertainty, association, or assumption-
236 dependent support. Soft-only PSL Verification substantially improves coverage, but its lower precision
237 suggests that purely soft relaxation can accept weakly supported reasoning bridges.

238 PROBVERI achieves the highest VCAR in every benchmark—backbone block. Its advantage does not
239 come from maximizing Pass Rate alone, nor from being as selective as rigid checkers. Instead, it
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240 preserves the coverage benefit of PSL while using rigid consistency checks and contrastive energy
241 comparison to reject unsupported soft matches. This is why Soft-only PSL remains a strong baseline,
242 but PROBVERI consistently yields a better verified-correct rate across backbones.

243 4.3 Ablation Study

244 Table [2] reports ablations on GPT-5.1-generated CoT traces under the same test examples and
245 validation-selected thresholds. Parsing, formalization, solver, and timeout failures are counted as
246 not passed. Soft-only PSL is included as a reference baseline, while w/o Soft Verification Path
247 corresponds to the rigid-path limit in Table[I] Each block reports Pass Rate, Precision, VCAR, and
248 absolute VCAR change relative to the full model.

Table 2: Ablation study on GPT-5.1-generated CoT traces. We report Pass Rate (PR.), Precision
(Prec.), VCAR, and absolute VCAR change (A) relative to the full model. Soft-only PSL is included
as a reference baseline.

Variant ProofWriter BioASQ LegalBench-SARA
PR. Prec. VCAR A |PR. Prec. VCAR A |PR. Prec. VCAR A
PROBVERI 63.1 84.0 530 - [469 789 37.0 - |364 715 282 -
w/o Soft Verification Path 473 93.0 440 -9.0|272 864 235 -135|181 884 160 -122
w/o Negated-Energy Comparison 60.7 76.0 46.1 -69|432 68.7 297 -73|347 674 234 -48
w/o Assumption Penalty 664 712 473 -57|542 60.7 329 -4.1 |425 558 237 45

w/o Support-Grounded Weighting 58.8 78.1 459 -7.1|1424 700 297 -73|342 634 217 -65
Direct LLM Confidence as Weight 576 785 452 -7.8|415 675 280 -9.0 (339 622 21.1 -7.1
Soft-only PSL Verification (reference) 63.5 754 479 -5.1|46.8 67.7 31.7 -53|381 609 232 -50

249 The ablations clarify that the gains do not come from soft relaxation alone. Removing the soft
250 verification path substantially reduces recovery, especially on BioASQ and LegalBench-SARA.
251 However, removing constraints such as the assumption penalty can increase Pass Rate while lowering
252 Precision, indicating that higher coverage may come from over-accepting weakly grounded bridges.
253 The full model achieves the best VCAR by preserving much of the recovery benefit of PSL while
254 improving reliability through contrastive verification and assumption regularization.

255 4.4 Threshold Sensitivity

256 Table E] analyzes the effect of the verification threshold 7yerity. The threshold is selected on the
257 validation split and then fixed for the main test results. This sensitivity sweep characterizes the
258 coverage—selectivity trade-off induced by the confidence score k¢ = o (yYAE}).

Table 3: Threshold sensitivity on GPT-5.1-generated CoT traces. For each benchmark, we report
Pass Rate (PR.), Precision (Prec.), and Verified Correct Answer Rate (VCAR).

_— ‘ ProofWriter ‘ BioASQ | LegalBench-SARA | Ave. VCAR
| PR. Prec. VCAR | PR. Prec. VCAR | PR. Prec. VCAR |
030 | 752 674 507 |578 562 325 |51.1 550 28.1 37.1
040 | 690 73.0 504 |53.0 655 347 |45.0 63.1 28.4 37.8
045 | 660 785 51.8 [495 721 357 | 412 682  28.1 38.5
0.50 | 63.1 84.0 530 |469 789 370 |364 775 282 394
0.55 | 584 85.1 49.7 |43.1 794 342 |35.0 70.6 247 36.2
0.60 | 532 86.3 459 ]394 81.2 320 [325 729 237 33.9
0.70 | 41.8 88.0 36.8 [29.6 84.1 249 | 212 783 16.6 26.1

259 The threshold sweep shows the expected coverage—selectivity trade-off: lower thresholds accept
260 more traces but reduce precision, while higher thresholds become more selective and reject more
261 correct uncertainty-marked traces. The best operating region lies around Tyerity = 0.45-0.50, and
262 Tyerify = 0.50 provides the best average VCAR while maintaining strong precision. This analysis
263 supports the use of VCAR as the primary metric, since optimizing only for Precision would produce
264 an overly conservative verifier, whereas optimizing only for Pass Rate would lead to over-acceptance.

265 On uncertainty-heavy subsets, PROBVERI improves weighted-average VCAR from 17.3 to 30.4
266 relative to rigid verification, while reducing FAR from 14.8 to 8.6 relative to Soft-only PSL. Full
267 uncertainty-stratified results and annotation details are provided in Appendix [R]
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268 5 Related Work

269 Process-level reasoning verification. Chain-of-Thought prompting makes intermediate reasoning
270 visible [1 2]], but fluent steps are not necessarily supported by the given context. Answer-level
271 sampling and reranking methods improve reliability by selecting more consistent or better-scored
272 reasoning paths [3}26]]. Process-level supervision and reward modeling further encourage intermedi-
273 ate steps to be locally correct rather than only final-answer accurate [27,28]]. Another line of work
274  checks explanations through entailment models, natural-language inference, or structured explanation
275 refinement [29,[30,131]]. Self-refinement and LLM-as-a-judge methods use model feedback to revise
276 or evaluate reasoning traces [6} (7} 132,|33]]. Recent analyses show that LLM self-verification and critic
277 models can still struggle to identify invalid reasoning steps, especially in logical reasoning, planning,
278 and long-CoT settings [34, 135, 136]. These methods are useful for answer selection and broad error
279 detection, but they usually rely on learned semantic judgments or answer-level agreement rather than
280 explicit formal constraints. Our work targets a different regime, where a step may be plausible and
281 evidence-dependent without being deductively entailed.

282 Rigid neuro-symbolic verification. Another line of work translates natural-language reasoning
283 into programs, first-order constraints, theorem-prover statements, or SMT formulas [9,[10]. These
284 formal objects can then be checked for entailment, consistency, or executability using external
285 solvers or symbolic execution engines [11, [12]. Recent verifier systems further combine premise
286 extraction, formal consistency checking, explanation refinement, or autoformalization to improve
287 symbolic verification of reasoning traces [13}[14]. Related work also studies faithful formalization
288 and automatic translation from language to formal representations [17}37]]. Benchmarks and analyses
289 show that logical reasoning in language models remains brittle across first-order, symbolic, and multi-
290 step reasoning settings [38} 118} 39]. Such methods provide strong guarantees when the premises are
291 explicit and the target claim can be faithfully represented as a hard symbolic statement. However,
292 most rigid verifiers assume binary truth values and strict entailment. When a CoT step contains
293 markers such as may, likely, suggests, or is associated with, hard translation either removes the
294 uncertainty or fails to produce a faithful formal object. This rigidity motivates a verifier that can
295 preserve graded evidential support.

296 Soft logic and energy-based inference. Soft probabilistic logics provide a natural tool for reasoning
297 with noisy evidence, partial observability, and relational structure [40, 41]]. Probabilistic graphical
298 and relational models have also been used to combine uncertain evidence with structured depen-
209 dencies [42]. Probabilistic Soft Logic (PSL) relaxes Boolean truth values to [0, 1] and represents
so0 weighted first-order rules as hinge-loss potentials [[15, [16]. Related structured-learning work has
301 studied relational prediction and heterogeneous information networks [43]], as well as generalizable
s02 inference in structured dynamical systems [44]]. Prior PSL-style models have been used for informa-
303 tion extraction, entity resolution, knowledge-base completion, collective classification, and credibility
so4 modeling. Energy-based inference similarly treats reasoning as compatibility minimization, assigning
305 lower energy to configurations that better satisfy evidence and constraints [21]. Our work connects
so6 these ideas to CoT verification: PSL provides the soft logical structure, while contrastive energy
307 minimization compares the natural interpretation of an uncertainty-marked step with its negated
so8 counterpart under shared evidence and assumption regularization.

00 6 Conclusion and Limitations

310 We presented PROBVERI, an energy-based framework for verifying Chain-of-Thought reasoning
311 under epistemic uncertainty. Motivated by the Rigidity—Ambiguity Mismatch, PROB VERT avoids
s12  forcing uncertainty-marked steps into binary entailment and instead compares natural and negated in-
313 terpretations under shared evidence, weighted soft rules, and assumption regularization. Experiments
314 across logical, biomedical, and legal reasoning benchmarks show improved verified-correct recovery
315 over neural, rigid symbolic, and soft-only baselines while retaining selectivity. The framework
316 remains limited by approximate bridge-assumption search, predicate-skeleton extraction errors, and
317 the fact that the confidence score is a verification signal rather than a fully calibrated probability.
s1e  Future work should improve assumption filtering, domain-adaptive predicate extraction, and scalable
319 uncertainty-aware verification for longer traces.
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2 A Full Algorithmic Details
463 This appendix provides the full execution details of PROBVERI. The main paper describes the
464 conceptual pipeline, while this section specifies the step-level decision procedure, router, rigid path,

465  soft-path contrastive energy verifier, and trace-level aggregation rule.

466 A.1 Overall Verification Procedure

Algorithm 1 PROBVERI: Energy-Based Chain-of-Thought Verification

1: Input: query @, context C, reasoning trace S = {s1,...,s7}

2: Output: step-level scores {r; }7_;, labels {§; }1_;, trace score Kirace, trace label firace
3: Ho + C, V<0

4. fort=1,...,Tdo

5: Extract local support context P, C H;_ 1

6 r+ < ROUTE(S¢, P)

7 if r, = Rigid then

8 o0t < RIGIDCHECK sy, P;)

9 if o, = Verified then

10: ke <— 1.0, g+ 1

11: else if o; = Contradicted then

12: ke < 0.0, 7«0

13: else

14: ry — Soft > reroute untranslatable or underdetermined steps
15: end if

16: end if

17: if r; = Soft then

18: (¢r, ur) + EXTRACTSKELETON(s;)

19: O; < EXTRACTEVIDENCEATOMS (F;)

20: A; < GENERATEBRIDGECANDIDATES (P, ¢;)
21: C; < APPROXREPAIRCOST(P;, ¢z, A)

22: wy < exp(—nCy)

23: R¢ < BUILDPSLRULES(¢y, wy, O, Ay)

24: Enat(st) — minzezm(st) Ever(z; St)

25: Eneg(st) < mingez, __(s,) Ever(2; 5¢)

26: AEt — Eneg(st) — Enat (St)

27: Kt < o(YAEY)

28: Gt H[Ht > 7_verify]

29: end if

30 V< VU{(st, k6,9t 74) }
31: He +— Hi1 U {St}

32: end for

33: Ktrace < mint R

34: Girace < H[Vtv U = 1]

35: return V? Rtraces gtrace

467 The verifier proceeds sequentially because later reasoning steps may rely on earlier verified or
468 rejected steps. In the main experiments, a trace is counted as verified only when all evaluated steps
469 are verified and no step is contradicted. This conservative aggregation rule is chosen to match the
470  goal of process-level reliability: a correct final answer should not be treated as fully verified if it
471 depends on an unsupported intermediate step.
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472 A.2 Router and Dispatch

Algorithm 2 Router and Dispatch

Input: step s;, support context P;
Output: route r; € {Rigid, Soft}
m¢ < DETECTUNCERTAINTYMARKER(s¢)
ft < CHECKFORMALIZABILITY (S;)
gt <+ ESTIMATESUPPORTGAP(P;, s¢)
if my =0and f; =1 and g; < 74, then
r¢ < Rigid
else
ry — Soft
end if
return r;

S AN 2 R e

—_

473 The router is intentionally conservative. A step is sent to the rigid path only when it is directly
474 formalizable and does not require uncertainty-aware repair. Steps with explicit epistemic markers,
475 support gaps, or failed but non-contradictory formalizations are handled by the soft path. This design
476  prevents the verifier from treating translation failure as semantic rejection when the original step is
477 plausibly but weakly supported.

478 A.3 Rigid-Path Verification

Algorithm 3 Rigid Z3 Verification

Input: step s;, support context P;
Output: o; € {Verified, Contradicted, L}
Translate P, into symbolic premises ®(P;)
Translate s; into target claim g,
if translation fails then
return |
end if
if ®(P;) U {—q:} is UNSAT then
return Verified
10: else if ®(P;) U {q;} is UNSAT then
11: return Contradicted
12: else
13: return |
14: end if

R AN SRl

479 The rigid path follows the standard refutation pattern: a deterministic claim is verified when the
480 premises and the negation of the claim are jointly unsatisfiable. If neither the claim nor its negation
481 can be ruled out, the rigid path returns L, which may trigger soft-path rerouting when the step is not
42 directly contradicted. This is especially important for uncertainty-marked statements whose linguistic
483 force cannot be faithfully represented as a hard Boolean proposition.
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484 A.4 Soft-Path Contrastive Verification

Algorithm 4 Soft-Path Contrastive Energy Verification

Input: step s;, support context P, bridge candidate budget K
Output: confidence score k¢, label g

Extract predicate skeleton ¢; and uncertainty condition u;
Extract evidence atoms O; from P,

Generate candidate bridge set A; = {aq,...,ax}

Score and filter candidates using support, specificity, contradiction, and complexity
Estimate C; = min a/c 4, ZaiGA, Cost(a;)

Compute w; = exp(—nC;)

Construct weighted PSL rules R; and evidence atoms O,
Solve natural-state optimization to obtain E, .t (s¢)

Solve negated-state optimization to obtain Fcg(s¢)

Compute AE; = Epeg(st) — Enat(st)

Compute x; = o(yYAE})

Qt — H[/{t Z Tvcrify}

: return Ky, Ui

_ e
W20 R DR

__
TN

485 The soft path differs from a soft-only PSL verifier in the final contrastive step. A soft-only verifier
486 accepts a claim if the natural interpretation can be assigned low energy. PROBVERI instead compares
487 the natural and negated interpretations under the same evidence, rules, bridge candidates, and penalty
4gs  parameters. This controls for underconstrained cases in which both interpretations can appear locally
489 plausible.

w0 B Mathematical Derivations and Proofs

491 B.1 PSL Relaxation

a2 Let I(a) € [0, 1] be a soft truth assignment for each grounded atom a. Forarule r : A; A---A A, —
493 H, the Lukasiewicz relaxation evaluates the body as

I(A1 A - A A,) = max (O,ZI(Ai)n+l>, 5)
=1

494 and the distance to satisfaction is
d-(I) =max (0, (A1 A---NA,) —I(H)). (6)

ae5  For a single-body implication B — H, this reduces to d,.(I) = max(0,I(B) — I(H)). The hinge
496 form penalizes violations but assigns zero energy to satisfied soft implications.

497 B.2 Convexity of the PSL Logical Energy

a8 Proposition 1 (Convexity of logical energy). If w, > 0 for all r € R and d,.(z) = max(0,¢,.(z))

499 with affine £, then
E(z) =) w,(do(2))"
reR
500 is convex over [0,1]™ forp=1orp = 2.

501 Proof. The function d,(z) = max(0, {,(z)) is convex because it is the pointwise maximum of
so2  an affine function and the constant zero function. If p = 1, w,d,(z) is convex for w, > 0. If
503 p = 2, x — x2 is convex and nondecreasing on x > 0, while d,.(z) > 0, so (d,(z))? is convex by
504 composition. A nonnegative weighted sum of convex functions is convex.
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s05 B.3 Convexity of the Relaxed Verification Objective

s06  Proposition 2 (Convexity of the relaxed verifier). Suppose Fiqgic is a PSL hinge-loss energy, Eey; is
507 a nonnegative weighted squared evidence penalty, and F,ssume IS a nonnegative linear penalty over
sos latent assumption variables. Then .. (2; s) is convex over the relaxed feasible domain.

s09 Proof. The logical energy is convex by the previous proposition. The evidence term is a nonnegative
s10  weighted sum of convex quadratic functions:

Ecvi(z;s) = Z pj(zj - ’éj)2? Pj > 0.
Jj€Os

511 The assumption penalty is linear with nonnegative coefficients:

Eassumc(z; 8) = Zciaiv C; > 0.
i
s12 Since o, A > 0, the full energy is a nonnegative weighted sum of convex functions and is convex. [

513 B.4 Rigid Verification as a Limiting Case

514 Proposition 3 (Rigid verification limit). If truth assignments are restricted to {0, 1} and all violated
515 rules receive infinite penalty, then finite-energy assignments of Eyer coincide with assignments
st6  satisfying the corresponding hard constraints.

517 Proof. Under binary truth assignments, each rule is either satisfied or violated. If a rule is violated,
518 its distance-to-satisfaction is positive. Sending the corresponding rule weight to infinity assigns
s19 infinite energy to any assignment violating that rule. Therefore, finite-energy assignments are exactly
520 assignments that satisfy all hard constraints. This recovers rigid symbolic verification. O

521 B.S Monotonicity of Support-Grounded Weight

522 Proposition 4 (Monotonic support weighting). Ler w; = exp(—nC;) with n > 0. Then wy is strictly
523 decreasing in the repair cost C}.

Proof.
8wt %
acr = —nexp(—nC;) < 0.
s24 Thus larger repair cost always yields smaller rule strength. O

525 B.6 Assumption Penalty Discourages Free Repair

526 Proposition 5 (Penalty against unsupported repair). For fixed Eiogic and E.i, increasing X increases
527 the energy of any solution requiring positive assumption energy.

528 Proof. For any assignment with F,ssume(2;$) > 0,

OFer(Z; 8
% = Eassume(z; 3) > 0.
529 Therefore, increasing A makes solutions relying on latent bridge assumptions less favorable. O

s30 B.7 Interpretation of the Contrastive Gap

531 By definition,

AE(St) = Eneg(st) - Enat(st)-
si2 If AE(s;) > 0, then Eyai(st) < Eheg(st), meaning that the natural interpretation admits a lower-
533 energy explanation than the negated interpretation under the same evidence and constraints. If
53¢ AFE(sy) = 0, the evidence does not distinguish the two interpretations. If AE(s;) < 0, the negated
535 interpretation is more compatible. This is why the contrastive gap is preferable to using E), ¢, alone: an
536 underconstrained natural interpretation can have low energy even when it is not positively supported.
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537 B.8 Why the Gap Is Not a Raw Probability

538 The score
ki = o(YAE})

539 is a confidence-scored verification signal rather than a model-reported probability. The sigmoid
s40 transformation maps the contrastive energy gap into [0, 1], while -y controls the sharpness of the
541 mapping. A larger positive gap indicates stronger relative support for the natural interpretation; a
s42 larger negative gap indicates stronger relative support for the negated interpretation. We therefore use
543 Ky for ranking and thresholded verification decisions, and report confidence diagnostics separately in
544 Appendix[Q]

s¢s C  Energy Objective: Term-by-Term Specification

s46  The full verification energy is
Ever(2z; $¢) = Flogic(2; 5t) + @ Fevi(2; 5t) + AEassume (2; St). (7
s47 Logical energy. For each weighted soft rule r € Ry, let d,.(z) = max(0, {,(z)). We use
Elogic(z; 5¢) = Z wy[dr(2)]P, p € {1,2}. )
rER:

s48  In the experiments, p = 2 is used by default because it penalizes large violations more strongly while
s49  keeping the relaxed objective convex.

s50 Evidence energy. Observed evidence atoms are either clamped or softly penalized. The soft
551 evidence penalty is

ev1 Z St Z ,Da a ya ) (9)

a€Oy

ss2 where y, € [0,1] is the evidence-derived target value and p, is the evidence confidence. High-
553 confidence extracted facts use larger p,; weakly extracted or paraphrased evidence uses smaller
554 values.

555 Assumption energy. Let A; = {a1,...,ax } be candidate bridge assumptions. We use

Eassume Z st Z clza17 (10)

ss6  where ¢; = Cost(a;) is the cost of introducing assumption a;. Unsupported broad assumptions
557 receive larger costs than context-grounded assumptions.

558  Support-grounded rule weight. The repair cost is
C; = mln Z Cost(a) st. PrUA ~ ¢y, (11)
agA’
s59 and the corresponding rule weight is
wy = exp(—nCy). (12)

s60 This separates the cost of assuming missing support from the inference-time assumption penalty.
s61  The parameter 1 controls how repair cost affects rule strength, while A controls how much latent
562 assumption usage is penalized during inference.

s63 Natural and negated energy. The two energies are computed with identical evidence, identical
se4 rule templates, and identical assumption penalties. Only the target interpretation is changed:
Epat(st) = min  Fer(2;8¢), Freg(st) = min  Eyer(z; 8¢). (13)
2E€ Znat(St) ZE€ Zneg(St)
s65 This controls for the difficulty of the context and makes the energy gap interpretable as a relative
s66 compatibility score.
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s7 D Natural-versus-Negated Construction

s6s For each uncertainty-marked candidate step, PROBVERI constructs a natural interpretation and
s69 a negated interpretation. The natural interpretation encodes the claim as stated. The negated
570 interpretation encodes the competing hypothesis that the target relation is unsupported or false under
571 the same context.

Table 4: Examples of natural and negated interpretations.

Uncertain step Natural interpretation Negated interpretation

X may indicate Y Indicates(X,Y) —Indicates(X,Y)

A is associated with B Associated(A, B) —Associated(A, B)

C likely satisfies condition D Satisfies(C, D) —Satisfies(C, D)

X suggests risk of Y’ SuggestsRisk(X,Y) —SuggestsRisk(X,Y)

R could be an exception to S ExceptionApplies(R, S) —ExceptionApplies(R,S)
X may be a biomarker of Y IsBiomarker(X,Y) —IsBiomarker(X,Y)

572 Negation for modal claims. For modal or association claims, the negated interpretation should not
573 be read as a claim of absolute impossibility. Rather, it encodes the competing hypothesis that the
574 available context does not support the target relation. This distinction is important for biomedical and
575  legal reasoning, where absence of strong proof is not equivalent to proof of absence.

s76 Shared context constraint. Both interpretations are evaluated under the same evidence atoms,
577 weighted rules, repair candidates, and penalty settings. This prevents the verifier from comparing two
576 hypotheses under different evidence sets.

579 Contrastive confidence. After obtaining F,,, and Fi,q, the verifier computes
AE = Eyeg — Epag, k= o(vYAE).

ss0 A step is accepted only when K > Tyerify. Thus, the verifier accepts a step only when the natural
581 interpretation is sufficiently more compatible than the negated interpretation.

s22 £ Support-Grounded Repair and Assumption Penalty

ss3 E.1 Bridge Candidate Types

s8¢ We consider three classes of bridge candidates. Lexical bridges map paraphrases or near-synonymous
s85 predicates. Relational bridges connect two domain relations, such as association and indication.
sss  Contextual bridges are assumptions grounded in retrieved context or earlier verified steps. Candidate
587 assumptions that are speculative or unsupported are retained only with high cost, which allows the
588 energy objective to penalize their use.

ss9  E.2 Bridge Generation Protocol

s90 Bridge candidates are generated as candidate structures, not as verified facts. For each soft-routed
591  step, the generator receives the local support context P;, the predicate skeleton ¢, and the extracted
s92 evidence atoms ;. It may propose only three kinds of bridges: lexical bridges between near-
593 synonymous predicates, relational bridges between compatible domain relations, and contextual
s94 bridges grounded in retrieved context or earlier verified steps. The scoring rule is fixed across datasets
s95 and does not use the language model’s self-reported confidence.

s96 Each candidate is filtered by four checks. First, entity alignment requires the bridge arguments to
s97 match entities in P; or ¢;. Second, relation compatibility requires the bridge relation to connect
s98 an observed relation to the target relation. Third, context grounding requires lexical, semantic, or
s99 previously verified support from the local context. Fourth, contradiction filtering rejects candidates
e00 that conflict with observed evidence or verified steps. Candidates that introduce new entities, broad
601 domain knowledge, or unsupported causal claims are assigned high cost or rejected. The final verifier
602 then searches only over the top K = 8 candidates and subsets of size at most two, preventing arbitrary
603 chains of assumptions.
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E.3 Repair Cost
We decompose the cost of a bridge assumption a; as

Cost (ai ) = 61 Costsource (ai ) +B2 COStspeciﬁcity (ai ) +B3 COStcomplexity (ai ) +64 Costeontradiction (ai) .

The source term measures whether the assumption is directly grounded in context. The specificity
term penalizes overly broad assumptions. The complexity term penalizes assumptions that introduce
multiple new entities or relations. The contradiction term sharply penalizes candidates that conflict
with retrieved evidence.

Table 5: Bridge assumption cost categories.

Category Description Typical Cost

Direct contextual restate- Explicitly stated or directly paraphrased in the con- 0.05-0.15

ment text

Specific domain bridge ~ Not stated verbatim but grounded by a domain 0.20-0.45
relation

Multi-hop bridge Requires two or more local support links 0.45-0.70

Broad unsupported  Plausible but not clearly grounded in the context ~ 0.70-1.10

bridge

Speculative assumption  Introduces unsupported domain knowledge or new > 1.10
entities

Contradictory bridge Conflicts with retrieved evidence or earlier verified rejected
steps

E.4 Repair Search

Exact minimal repair search is combinatorial. We approximate it by first ranking bridge candidates
and then searching over a bounded subset. In our implementation, we keep the top /' = 8 candidates
after contradiction filtering and evaluate subsets up to size two. This captures the most common
repair patterns while preventing arbitrary assumption chains.

E.5 Illustrative Repair Examples

Table 6: Examples of bridge assumptions and support-grounded weights.

Step Selected bridge C* we Interpretation

X may indicate Y Context states X is associated witha 0.34 0.76 partial support
mechanism relevant to Y

A likely satisfies B Earlier step verifies condition B for 0.12 0.91 strong support
A

Treatment likely improves Context only reports short-term re- 0.94 0.47 weak support

survival sponse

Transfer qualifies for excep- Statutory condition requires an un- 0.51 0.66 conditional support

tion stated applicability bridge

E.6 Relationship between w; and \

The support-grounded weight w; = exp(—nC;’) controls how strongly the candidate rule is trusted
before PSL inference. The assumption penalty coefficient A, by contrast, controls the inference-time
cost of activating latent bridge assumptions. These two terms play different roles: w; weakens
rules that require costly repair, while A\ F,ssume discourages assignments that rely heavily on latent
assumptions.
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e22 F Router and Dispatch Analysis

623 This appendix provides additional details about the router used by PROBVERI. The router determines
624 whether a reasoning step should be checked by the rigid path or by the uncertainty-aware soft path.
625 The goal is not to maximize the number of soft-routed steps, but to reserve soft verification for cases
626 where rigid formalization is likely to be unfaithful or underdetermined.

627 F.1 Step-Level Routing Distribution

Table 7: Step-level routing distribution across datasets. “Rerouted” denotes steps first attempted
by the rigid path but then sent to the soft path after an untranslatable or underdetermined rigid output.

Dataset Rigid Path (%) Soft Path (%) Rerouted (%)
ProofWriter 724 21.6 6.0
BioASQ 38.5 52.8 8.7
LegalBench-SARA 44.1 46.3 9.6

628 ProofWriter contains more directly formalizable logical steps, so most steps are routed to the rigid
629 path. BioASQ and LegalBench-SARA contain more modal, association-based, or conditionally
630 supported reasoning, so a larger fraction of steps are routed to the soft path. The rerouted column is
631 step-level and should not be confused with trace-level Pass Rate in the main experiments.

632 F.2 Router Ablation

Table 8: Router ablation on GPT-5.1-generated CoT traces. Results are averaged over ProofWriter,
BioASQ, and LegalBench-SARA.

Router Variant Pass Rate  Precision = VCAR
Full router 48.8 80.1 394
Lexical markers only 44.3 75.6 335
Support-gap only 46.8 74.4 34.8
No rerouting from rigid failures 42.0 81.0 34.0
Route all non-contradictions to soft 60.6 59.9 36.3

633 Lexical markers alone miss implicit uncertainty, while support-gap detection alone over-routes some
634 deterministic steps to the soft path. Rerouting is useful because semantically plausible steps may fail
635 rigid translation without being contradicted. Routing all non-contradictions to the soft path increases
636 Pass Rate but lowers Precision, confirming that the router is needed for selectivity.

s7 G Rigid Z3 Verification Details

e3e The rigid path verifies deterministic steps through satisfiability checks. Let P, be the local premise
639 set and ¢; the candidate claim. The symbolic translation of the premises is denoted by ®(F;).

Verified <= UNSAT(®(P)U {—q}).

Contradicted <—- UNSAT(@(Pt) U {qt}).

s40 If both checks are satisfiable or the translation fails, the rigid path returns L. A _L result is not
641 equivalent to rejection; it indicates that the rigid path cannot certify the step.
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Premise: All drugs that reduce blood pressure reduce vascular strain. Drug X reduces blood
pressure.
Candidate: Drug X reduces vascular strain.
Check: Assert premises and the negated candidate. If the solver returns UNSAT, the candidate
is verified.

642

Candidate: Hypertension may be a biomarker of therapeutic efficacy.
Failure mode: The modal force may is not faithfully represented as a hard predicate. The
rigid path either hardens the claim or returns _L, so the step is routed to the soft path.

643

644 G.1 Rigid Output Semantics

645 The rigid path has three outputs. Verified indicates that the hard symbolic claim follows from the
e46 translated premises under refutation. Contradicted indicates that the candidate is incompatible
647 with the translated premises. The unverifiable output _L indicates either translation failure or underde-
e4¢ termination. In PROBVERI, L is not automatically treated as rejection because uncertainty-marked
649 natural language may be semantically meaningful even when hard formalization fails.

650 G.2 Relation to the Router

651 When a deterministic step is verified or contradicted by the rigid path, the decision is final. When the
es52 rigid path returns L, the router distinguishes two cases. If the step is deterministic and lacks sufficient
653 support, the step remains unverifiable. If the step is uncertainty-marked or contains a support gap, it
654 is rerouted to the soft path for contrastive energy verification.

ess H PSL Program Construction Details

656 This appendix describes how predicate skeletons, evidence atoms, and bridge candidates are converted
657 into grounded PSL-style rules. The actual predicates depend on the domain, but all programs share
658 the same structure: evidence atoms provide observed support, bridge atoms represent possible latent
659 support, and the target atom is evaluated under natural and negated interpretations.

es0 H.1 Rule Templates

661 We use a small family of PSL rule templates. Grounded rules are instantiated from predicate skeletons,
662 context atoms, bridge assumptions, and domain-specific relation types.

wy :  Supports(c,s) — Verified(s), (14)
wy : Contradicts(c,s) — —Verified(s), (15)
ws : Associated(x,y) A Relevant(y, z) — MayIndicate(z, z), (16)
wy : Condition(z,c) A Satisfies(z,c) — Eligible(z), (17)
ws : Bridge(a, s) A Supported(a) — Supports(a, s). (18)

663 These templates are not intended to be a universal ontology. They provide a compact predicate-level
664 structure for converting uncertain natural-language steps into weighted soft constraints. Domain-
665 specific predicates are introduced only when they are grounded in the local context or in the extracted
666 predicate skeleton.
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e67 H.2 Domain-Specific Instantiations

Table 9: Example PSL rule instantiations. Weights are support-grounded and may vary by instance
according to repair cost.

Domain Rule Typical Weight

ProofWriter Rule(A— B) A True(A) — True(B) 0.90-1.00

BioASQ Associated(X,M) A  MechanismRelevant(M,Y) — 0.45-0.80
MayIndicate(X,Y)

LegalBench- ConditionSatisfied(T,C) A Applies(C, E) — Eligible(T, E) 0.50-0.85

SARA

Generic Contradicts(C,S) — —Verified(S) 0.90-1.00

668 H.3 Evidence Atoms and Latent Atoms

e69 Observed evidence atoms O, are extracted from the local support context P;. High-confidence
670 observations may be clamped or given large evidence weights, while weakly matched paraphrases
671 are softly penalized through F..;. Latent atoms include target predicates, bridge assumptions, and
672 intermediate support predicates. The same evidence and latent structure are used for both Z,,,¢(s¢)
673 and Z,4(5¢); only the target interpretation changes.

674 H.4 Handling Negation

675 For negated-state inference, the target relation is constrained toward its complement while evidence
676 and rule weights are unchanged. This design ensures that Ey,; and E,. differ because of the
677 interpretation being tested, not because of changes in evidence, repair candidates, or penalty settings.

e7s 1 ADMM Inference and Solver Settings

679 PSL inference can be solved by decomposing the global hinge-loss objective into local rule sub-
680 problems. Introduce local copy x,., global consensus variable y, and scaled dual variable w,.. The
681 augmented Lagrangian is

P
Lp(fﬂ, y»“) = Zwr¢r(xr) + 5 Z ”‘TT’ —y+ ’lh”%

es2 Each iteration alternates between local updates, consensus updates, and dual updates:

J)I;_H —arg Hglcin wy (1) + g“xr - yk + uf“%) (19)
1

Y g 1y <|R| P Uff)> : (20)

ul Lk 4ot R (21)
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Table 10: Default solver hyperparameters.

Parameter Value
ADMM penalty p 1.0
Maximum ADMM iterations 250
Primal tolerance 1074
Dual tolerance 107
Energy exponent p 2
Evidence weight 1.0
Support-cost temperature 7 0.8
Assumption penalty A 0.8
Confidence temperature y 1.5
Verification threshold Tverity 0.50
Bridge candidate budget K 8
Maximum bridge subset size 2

683 L1 Complexity

s+ Let m be the number of grounded atoms and |R| the number of grounded rules. Assuming bounded
e85 rule arity, each ADMM iteration scales approximately linearly in the number of grounded rule
686 potentials. Natural and negated inference require two optimization solves per soft-routed step. In
687 practice, the soft path is used only for uncertainty-marked or support-gap steps, which keeps total
e8s  verification cost manageable.

689 L2 Stopping Criteria

690 The solver stops when both primal and dual residuals fall below the specified tolerances or when
691 the maximum number of iterations is reached. If convergence is not reached within the iteration
692 budget, the current feasible assignment is retained and marked for diagnostic logging. In the reported
693 experiments, non-convergence cases are rare because each soft-routed step induces a small local PSL
694 program.

es J Metrics and Counting Rules

696 We use the following metrics:

PassRate = #VLiﬁed Precision — #VerifiedCorrect
~ #Total ’ B #Verified
697
ifi FalseA
veap - #VerifiedComect -, #alseAccepted
#Total #Unsupported

e9s Verified. A step is counted as verified when its verification label is accepting. A trace is counted as
699 verified when all evaluated steps are verified and no step is contradicted. This trace-level rule matches
700 the conservative aggregation rule in Appendix [A]

701 Verified correct. A verified trace is counted as verified correct when the final answer is correct and
702 the verified reasoning trace is consistent with the task label or gold rationale. This quantity is used to
703 compute VCAR.

704 False accept. A false accept occurs when an unsupported or contradicted step receives an accepting
705 verification label. In uncertainty-stratified analysis, FAR is computed over steps or traces marked
706 unsupported under the corresponding annotation protocol.

707 Task accuracy. Task accuracy is the final-answer accuracy regardless of whether the reasoning

708 trace is verified:
#Correct Answers

#TotalExamples

TA =
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709 Because verifiers do not revise final answers, TA is reported once per dataset—backbone block in the
710 main text.

711 Baselines without step-level labels. Raw CoT and Self-Consistency do not produce step-level
712 verification decisions. We therefore report final-answer accuracy or answer-level recovery for these
713 methods, but leave Pass Rate and Precision undefined when no explicit verification label is available.

714  Rounding. All percentages in the main text are reported to one decimal place. Small discrepancies
715 between products of rounded Pass Rate and Precision and the reported VCAR are due to rounding
716 from integer raw counts.

77 K Dataset and Annotation Protocol

718 This appendix describes the evaluation datasets, trace construction procedure, uncertainty-heavy
719 subset construction, and annotation targets used in the experiments. The main text reports trace-level
720 verification metrics; this appendix provides the corresponding dataset protocol and the raw-count
721 basis for the reported percentages.

722 K.1 Dataset Statistics

Table 11: Dataset statistics and evaluation protocol. The example counts correspond to the
evaluation split used for the main reported results.

Dataset Examples Avg. CoT Steps Uncertain Steps  Evaluation Target
ProofWriter 800 3.8 14.2% logical entailment
BioASQ 650 4.5 41.6% biomedical QA

LegalBench-SARA 520 4.2 37.9% statutory reasoning

723 K.2 CoT Generation and Step Segmentation

724 For each dataset, CoT traces are generated using the same question and context format across
725 reasoning backbones. We use temperature 0.0 for deterministic decoding where supported. Each
726 trace is segmented into steps by sentence boundaries and discourse markers. Very short connective
727 fragments are merged into neighboring steps. The verifier is then applied to the segmented trace
728 without revising the final answer.

729 K.3 Uncertainty-Heavy Subset Construction

730 We construct uncertainty-heavy subsets using three criteria: explicit epistemic markers, association
731 predicates, and support-gap detection. A step is marked uncertainty-heavy if it contains modal or
732 evidential language, expresses association rather than entailment, or requires bridge assumptions to
733 connect context to claim. A subset of automatically identified cases is manually inspected to reduce
734 marker-only false positives.

735 K.4 Annotation and Verification Targets

736 For ProofWriter, correctness is derived from logical labels. For BioASQ, correctness is determined
737 by the answer label and whether the step is consistent with the biomedical context. For LegalBench-
738 SARA, correctness follows the statutory reasoning label. Verification is evaluated at both step and
739 trace level; the main paper reports trace-level VCAR. A trace is counted as verified only when all
740 evaluated steps are accepted and no step is contradicted.

71 L Assets, Licenses, and Terms of Use

742 We use existing benchmarks, solvers, and model interfaces. The paper cites the original sources for
743 all benchmark datasets and software components. For assets distributed under provider-specific or
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challenge-specific terms, we follow the corresponding release terms and do not redistribute restricted
raw data or closed-source model outputs beyond anonymized aggregate results.

Table 12: Assets, datasets, models, and tools used in this work.

Asset Use in this paper Access / Terms Citation
ProofWriter Logical reasoning benchmark Original dataset release terms [22]
BioASQ Biomedical QA benchmark BioASQ challenge data terms [23]
LegalBench-SARA  Statutory reasoning bench- LegalBench and SARA release [24125]
mark terms
73 SMT-style rigid checking Open-source solver release [19]
Probabilistic  Soft Soft logic formalization and Original PSL release and docu- [15}[16]
Logic inference mentation
GPT-5.1 Closed-source reasoning back- API access under provider terms
bone
Claude 3.5 Closed-source reasoning back- API access under provider terms
bone
Qwen3-8B Open-weight reasoning back- Model release terms
bone

The closed-source backbones are used only to generate CoT traces under their provider access terms.
The verification method itself does not depend on proprietary model internals. The open-weight
backbone is used as an auditable generator, while all reported verification decisions are computed by
the verifier and not by a model’s self-reported confidence.

M Experimental Protocol and Reproducibility

This appendix summarizes the experimental settings needed to reproduce the main reported trends.
Full prompts are provided in Appendix [U} solver settings are provided in Appendix [I| and metric
definitions are provided in Appendix

Table 13: Reproducibility summary.

Item Setting

Reasoning backbones GPT-5.1, Claude 3.5, Qwen3-8B

Decoding Temperature 0.0; deterministic decoding where supported

Evaluation datasets ProofWriter, BioASQ, LegalBench-SARA

Trace segmentation Sentence boundaries and discourse markers; short fragments
merged

Rigid solver SMT-style satisfiability and entailment checks

Soft solver PSL-style hinge-loss inference solved by ADMM

Main threshold Tverity = 0.50, selected on validation VCAR under a precision
constraint

Bridge candidate budget K = 8, with bridge subsets up to size two

Reported metrics Pass Rate, Precision, VCAR, Task Accuracy, False Accept Rate

Randomness control Fixed prompts, fixed evaluation order, fixed candidate budgets, and

deterministic decoding where supported

M.1 Model and Prompting Details

The same dataset prompts are used across reasoning backbones. The backbone is used to generate the
initial CoT trace, while the verifier operates on the generated trace and the original context. The final
verification score is computed from the energy gap A FE, not from a model’s self-reported confidence.
For closed-source models, we record model identifiers and access dates in the experiment metadata.
For Qwen3-8B, we record the checkpoint and inference configuration together with the evaluation
script.
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761 M.2 Threshold and Hyperparameter Selection

762 The verification threshold Tyrity is selected on a validation split by maximizing VCAR subject to
763 avoiding a large precision drop. The main text reports a threshold sensitivity sweep, and Appendix [P]
764 reports additional sensitivity to the assumption penalty and bridge candidate budget. After selection,
765 the same threshold is used across datasets and reasoning backbones in the main comparison.

766 M.3 Reproduction Path

767 A complete reproduction should run the following stages: generate CoT traces from each backbone,
768 segment traces into steps, route each step to the rigid or soft path, compute rigid or contrastive soft
769  verification labels, aggregate step decisions into trace-level labels, and compute PR, Precision, VCAR,
770 TA, and FAR from raw counts. The raw-count tables in Appendix [N|provide an audit trail for the
771 main percentages.

772 N Full Experimental Results and Raw Counts

773 This appendix reports raw counts underlying the main experimental results. Percentages in the main
774 text are rounded to one decimal place; therefore, small differences may appear when multiplying
775 rounded Pass Rate and Precision.

776 N.1 Raw Counts for Main Results

Table 14: Raw-count audit for GPT-5.1-generated CoT traces. Percentages match the main results
up to rounding.

Dataset Method Total Correct Verified Verif.-Correct PR. Prec. VCAR TA.
ProofWriter LLM-as-a-Judge 800 625 430 341 538 79.1 426 78.1
ProofWriter Explanation-Refiner 800 625 145 117 18.1 80.7 14.6 78.1
ProofWriter Direct SMT 800 625 87 81 109 927 10.1 78.1
ProofWriter Rigid w/o Premise Gen. ~ 800 625 46 42 58 914 53 78.1
ProofWriter VeriCoT-style Rigid 800 625 378 352 473  93.0 440 78.1
ProofWriter Soft-only PSL 800 625 508 383 635 754 479 178.1
ProofWriter PROBVERI 800 625 505 424 63.1 84.0 53.0 78.1
BioASQ LLM-as-a-Judge 650 531 252 166 38.7 66.1 25.6 81.7
BioASQ Explanation-Refiner 650 531 20 16 3.1 774 24 81.7
BioASQ Direct SMT 650 531 42 31 64 734 4.7 817
BioASQ Rigid w/o Premise Gen. 650 531 22 14 34 o647 22 81.7
BioASQ VeriCoT-style Rigid 650 531 177 153 272 864 235 817
BioASQ Soft-only PSL 650 531 304 206 46.8 67.7 31.7 81.7
BioASQ PROBVERI 650 531 305 240 469 789 37.0 81.7
LegalBench-SARA  LLM-as-a-Judge 520 418 162 100 312 615 192 804
LegalBench-SARA  Explanation-Refiner 520 418 44 39 84 893 75 804
LegalBench-SARA  Direct SMT 520 418 28 24 53 887 4.7 80.4
LegalBench-SARA  Rigid w/o Premise Gen. 520 418 6 4 12 583 0.7 80.4
LegalBench-SARA  VeriCoT-style Rigid 520 418 94 83 18.1 884 16.0 80.4
LegalBench-SARA  Soft-only PSL 520 418 198 121 38.1 60.9 232 804
LegalBench-SARA  PROBVERI 520 418 189 147 364 715 28.2 80.4
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Table 15: Raw-count audit for Claude 3.5-generated CoT traces. Percentages match the main
results up to rounding.

Dataset Method Total Correct Verified Verif.-Correct PR. Prec. VCAR TA.
ProofWriter LLM-as-a-Judge 800 616 418 326 522 78.0 40.7 77.0
ProofWriter Explanation-Refiner 800 616 116 95 145 821 119 77.0
ProofWriter Direct SMT 800 616 82 77 103 932 9.6 77.0
ProofWriter Rigid w/o Premise Gen. 800 616 29 26 3.6 0917 33 770
ProofWriter VeriCoT-style Rigid 800 616 360 338 450 938 422 770
ProofWriter Soft-only PSL 800 616 484 360 60.5 744 450 77.0
ProofWriter PROBVERI 800 616 490 405 613 825 50.6 77.0
BioASQ LLM-as-a-Judge 650 526 246 158 379 64.1 243 809
BioASQ Explanation-Refiner 650 526 12 9 18 718 1.4 80.9
BioASQ Direct SMT 650 526 37 27 57 737 42 809
BioASQ Rigid w/o Premise Gen. 650 526 16 10 25 600 1.5 80.9
BioASQ VeriCoT-style Rigid 650 526 168 140 258 83.7 21.6 809
BioASQ Soft-only PSL 650 526 289 187 444 64.6 28.7 80.9
BioASQ PROBVERI 650 526 291 215 448 739 33.1 809
LegalBench-SARA LLM-as-a-Judge 520 418 149 92 28.6 615 17.6  80.3
LegalBench-SARA  Explanation-Refiner 520 418 37 33 7.1 887 6.3 803
LegalBench-SARA  Direct SMT 520 418 24 22 47 915 4.3 80.3
LegalBench-SARA  Rigid w/o Premise Gen. 520 418 4 2 07 429 0.3 803
LegalBench-SARA  VeriCoT-style Rigid 520 418 81 70 155 86.5 134 803
LegalBench-SARA  Soft-only PSL 520 418 183 104 351 57.0 20.0 803
LegalBench-SARA PROBVERI 520 418 172 123 331 715 237 803

Table 16: Raw-count audit for Qwen3-8B-generated CoT traces. Percentages match the main
results up to rounding.

Dataset Method Total Correct Verified Verif.-Correct PR. Prec. VCAR TA.
ProofWriter LLM-as-a-Judge 800 589 378 274 472 725 342 736
ProofWriter Explanation-Refiner 800 589 102 78 1277 712 9.8 73.6
ProofWriter Direct SMT 800 589 74 67 93 903 8.4 73.6
ProofWriter Rigid w/o Premise Gen. 800 589 20 18 25 920 23 173.6
ProofWriter VeriCoT-style Rigid 800 589 322 293 403 90.8 36.6 73.6
ProofWriter Soft-only PSL 800 589 455 317 569 69.6 39.6 73.6
ProofWriter PROBVERI 800 589 460 358 575 719 448 73.6
BioASQ LLM-as-a-Judge 650 499 211 123 325 582 189 76.8
BioASQ Explanation-Refiner 650 499 8 6 13 692 09 768
BioASQ Direct SMT 650 499 30 22 46 739 34 768
BioASQ Rigid w/o Premise Gen. 650 499 12 7 19 579 1.1 768
BioASQ VeriCoT-style Rigid 650 499 127 100 195 79.0 154 76.8
BioASQ Soft-only PSL 650 499 259 148 398 573 22.8 76.8
BioASQ PROBVERI 650 499 252 176 38.8 69.8 27.1 76.8
LegalBench-SARA LLM-as-a-Judge 520 396 134 71 257 529 13.6 76.1
LegalBench-SARA  Explanation-Refiner 520 396 27 22 52 827 43 76.1
LegalBench-SARA  Direct SMT 520 396 21 18 4.1 829 3.4 76.1
LegalBench-SARA  Rigid w/o Premise Gen. 520 396 3 2 06 500 0.3 76.1
LegalBench-SARA  VeriCoT-style Rigid 520 396 57 46 109 81.7 89 76.1
LegalBench-SARA  Soft-only PSL 520 396 167 81 322 48.1 155 176.1
LegalBench-SARA PROBVERI 520 396 149 99 28.7 66.4 19.0 76.1

N.2 Compact VCAR Summary

Table 17: Per-backbone VCAR summary for the three core verifier variants.

Method ProofWriter BioASQ LegalBench-SARA Avg.
GPT-5.1 Claude3.5 Qwen3-8B GPT-5.1 Claude3.5 Qwen3-8B GPT-5.1 Claude3.5 Qwen3-8B
VeriCoT-style Rigid Verification 44.0 422 36.6 235 21.6 15.4 16.0 13.4 8.9 24.6
Soft-only PSL Verification 479 45.0 39.6 317 28.7 22.8 232 20.0 15.5 30.5
PROBVERI 53.0 50.6 44.8 37.0 33.1 271 28.2 23.7 19.0 35.2
27
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776 The raw counts show that the main improvements are not caused by changing final answers, since
779 Task Accuracy is fixed within each dataset—backbone block. The gains come from increasing the
780 number of verified-correct traces while controlling over-acceptance relative to soft-only verification.

7z O  Additional Ablation Studies

782 This appendix expands the ablation analysis from the main text. The main paper reports GPT-5.1
783 ablations in Table[2} here we include compact cross-backbone ablations and additional component
784 ablations. All values are derived under the same evaluation protocol as Table [I] and should be
785 interpreted as trace-level verification results.

786 0.1 Ablations for Additional Backbones

Table 18: Ablation study across reasoning backbones. Each backbone block reports Pass Rate /
Precision / VCAR averaged over ProofWriter, BioASQ, and LegalBench-SARA.

Variant GPT-5.1 Claude 3.5 Qwen3-8B  Avg. VCAR
PROBVERI 48.8/80.1/39.4 46.4/76.0/35.8 41.7/71.4/30.3 352
w/o Soft Verification Path 30.9/89.3/27.8  28.8/88.0/25.7 23.6/83.8/20.3 24.6
w/o Negated-Energy Comparison ~ 46.2/70.7/33.1  43.8/67.4/29.8 39.1/64.3/25.3 29.4
w/o Assumption Penalty 54.4/62.6/34.6  51.8/59.7/31.2 46.3/56.1/26.5 30.8
w/o Support-Grounded Weighting ~ 45.1/70.5/32.4  42.5/67.2/28.8 38.4/61.6/23.8 28.3
Direct LLM Confidence as Weight  44.3/69.4/31.4  41.7/65.3/27.7 37.5/60.2/22.6 272
Soft-only PSL Verification 49.5/67.8/34.3  46.7/65.3/31.2 43.0/58.3/26.0 30.5

787 The same qualitative pattern holds across backbones. Removing the soft path collapses the method
788 toward rigid verification and reduces VCAR. Removing the negated-energy comparison or support-
789 grounded weighting also reduces recovery. The direct-LLM-confidence variant performs below the
790 full model, supporting the design choice that rule strength should be derived from support and repair
791 cost rather than from model self-confidence.

792 0.2 Additional Component Ablations

Table 19: Additional component ablations on GPT-5.1-generated CoT traces. We report VCAR.

Variant ProofWriter BioASQ LegalBench-SARA  Avg.
PROBVERI 53.0 37.0 28.2 394
w/o Router 45.6 29.1 21.8 322
w/o Evidence Energy 49.2 335 25.0 35.9
w/o Bridge Filtering 48.8 304 22.6 339
w/o Confidence Temperature Tuning 50.5 35.1 26.4 37.3
p = 1 hinge loss 51.2 35.3 26.8 37.8
p = 2 hinge loss 53.0 37.0 28.2 394

793 The router, evidence term, and bridge filtering each contribute to the final result. The effect is strongest
794 on BioASQ and LegalBench-SARA, where unsupported bridge assumptions are more common. The
795 p = 2 hinge loss gives slightly stronger verified-correct recovery than p = 1, consistent with its
796 stronger penalty on large violations.

797 P Sensitivity Analysis

798 The main text reports threshold sensitivity in Table |3} This appendix reports additional sensitivity to
799 the assumption penalty, bridge candidate budget, and support-cost temperature. Results are averaged
goo over the three benchmarks on GPT-5.1-generated CoT traces.
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P.1 Sensitivity to Assumption Penalty

Table 20: Sensitivity to assumption penalty \. Higher A makes latent bridge assumptions more
costly.

A Pass Rate Precision VCAR

0.0 63.0 56.5 35.6
0.2 59.1 62.4 36.9
0.5 52.7 71.1 37.5
0.8 48.8 80.1 394
1.0 45.1 82.0 37.0
1.2 41.6 824 34.3

When A is too small, the verifier accepts many claims through low-cost latent assumptions and loses
precision. When ) is too large, the verifier becomes overly conservative and rejects many weakly but
consistently supported steps. The default value balances these effects.

P.2 Sensitivity to Bridge Candidate Budget

Table 21: Sensitivity to bridge candidate budget K.

K Pass Rate Precision VCAR

2 42.0 79.5 334
4 46.1 77.8 359
8 48.8 80.1 39.4
12 51.0 72.3 36.9
16 52.5 68.7 36.1

A small candidate budget under-recovers valid support, while a very large budget increases the chance
of broad or weakly grounded repairs. The best operating region keeps enough candidates for local
repair without permitting long arbitrary assumption chains.

P.3 Sensitivity to Support-Cost Temperature

Table 22: Sensitivity to support-cost temperature 7. Larger 1 makes rule weights decrease more
sharply with repair cost.

n Pass Rate  Precision = VCAR

0.3 554 64.8 359
0.6 51.0 73.3 374
0.8 48.8 80.1 394
1.0 45.9 80.4 36.9
1.4 40.6 84.0 34.1

The pattern is similar to the assumption penalty sweep. Weak support-cost decay accepts too many
repaired rules, while overly sharp decay suppresses useful bridge assumptions. This supports using a
moderate support-cost temperature.

Q Confidence Diagnostics and Statistical Reliability

The score k; = o(yAE}) is used as a confidence-scored verification signal rather than a model-
reported probability. We evaluate whether larger energy gaps correlate with correctness and report
calibration-style diagnostics. These diagnostics support interpretability of the score, but the main
claim of the paper remains verified-correct recovery rather than probability calibration.
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Q.1 Confidence Diagnostics

Table 23: Confidence diagnostics on GPT-5.1-generated CoT traces.

Dataset ECE  Brier Score p(AF, Correct)
ProofWriter 0.067 0.154 0.49
BioASQ 0.086 0.178 0.44
LegalBench-SARA 0.097 0.191 0.40

The energy gap is positively correlated with correctness across datasets. The diagnostics are strongest
on ProofWriter and weaker on BioASQ and LegalBench-SARA, where evidence is less deterministic
and bridge assumptions are more frequent.

Table 24: Reliability by confidence bin. Values are averaged over datasets.

Confidence Bin  Fraction = Empirical Correctness  Avg. Confidence

[0.0,0.2) 11.6 13.4 12.5
[0.2,0.4) 18.9 29.1 314
[0.4,0.6) 24.8 51.6 50.8
[0.6,0.8) 259 70.1 68.7
[0.8, 1.0] 18.8 84.3 85.8

The bins show a monotonic relationship between confidence and empirical correctness, but they do
not justify interpreting «, as a fully calibrated probability. For this reason, the main text uses the
more conservative term confidence-scored verification signal.

Q.2 Bootstrap Confidence Intervals

We estimate uncertainty in VCAR using bootstrap resampling over examples. The intervals are
intended as a stability check for the main trends rather than as a replacement for independent reruns.

Table 25: Bootstrap confidence intervals for VCAR on GPT-5.1-generated CoT traces.

Dataset PROBVERI—Rigid PROBVERI—Soft-only PSL
ProofWriter +9.0 [4.8, 13.1] +5.1[0.8, 9.1]
BioASQ +13.5[7.7, 18.8] +5.3[0.6, 10.1]
LegalBench-SARA +12.2 [6.4, 17.3] +5.0[0.2, 9.5]

Table 26: Bootstrap intervals for VCAR differences on GPT-5.1-generated CoT traces.

Dataset PROBVERI—Rigid = PROBVERI—Soft-only PSL
ProofWriter +9.0 [4.8, 13.1] +5.1[0.8, 9.1]
BioASQ +13.5[7.7, 18.8] +5.3[0.6, 10.1]
LegalBench-SARA  +12.2 (6.4, 17.3] +5.0[0.2, 9.5]

R Uncertainty-Stratified Evaluation

The main experiments evaluate all traces. This appendix focuses on uncertainty-heavy subsets,
where rigid verification is expected to under-cover correct but non-deductive reasoning. Each row
corresponds to a subset of steps or traces selected by the annotation criteria described below. We
report VCAR and False Accept Rate (FAR), where lower FAR is better.
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Table 27: Uncertainty-stratified verification. Each cell reports VCAR / FAR. Lower FAR is better.

Uncertainty Type Count Rigid Soft-only PS.  PROBVERI
Explicit modal claims 147 31.7/31 34.8/15.2 39.6/8.7
Biomedical associations 183 13.5/34 22.9/14.8 294/8.9
Legal bridge assumptions 161 8.6/2.1 17.5/14.5 23.1/8.3
Weighted average 491 173729 24.7/14.8 30.4/8.6

833 Rigid verification has the lowest false accept rate but misses many supported uncertain steps. Soft-
s34 only PSL recovers more steps but accepts too many unsupported claims. PROBVERI improves
835 VCAR while keeping FAR substantially below Soft-only PSL. This supports the main claim that soft
836 formalization alone is insufficient; contrastive comparison and assumption regularization are needed
37 for reliable uncertainty-aware verification.

s3s  R.1 Annotation Guidelines

839 Explicit modal claims are identified by epistemic markers such as may, likely, suggests, could indicate,
s40 and is associated with. Biomedical association claims include biomarker, mechanism, risk-factor,
841 treatment-response, and correlation statements. Legal bridge assumptions are steps that require an
s42 applicability condition or statutory bridge between a factual premise and a legal conclusion.

843 R.2 Interpretation

s44 The largest relative gains appear in biomedical associations and legal bridge assumptions. These cate-
845 gories are difficult for rigid verification because the relevant support is often evidential, conditional,
s4s or mediated by a bridge assumption rather than a strict entailment. The FAR reduction relative to
847 Soft-only PSL shows that PROB VERI does not merely accept more uncertain steps; it filters them
848 uUsing contrastive energy comparison and assumption penalties.

sso S Failure Taxonomy

850 This appendix summarizes the main residual error types observed after applying PROBVERI. The
851 taxonomy is intended to clarify the remaining limitations of uncertainty-aware verification rather than
gs52  to redefine the main evaluation metrics.

Table 28: Failure taxonomy.
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Failure Type

Description

Typical Cause

Wrong skeleton
Missing bridge
False soft accept
False rigid reject
Low-confidence tie
Over-specific rule

Contradiction missed

Predicate extraction misses the intended re-
lation

Repair search fails to recover a needed as-
sumption

Soft path accepts a weak claim

Rigid path rejects a plausible uncertain
claim
Enat ~ Eneg

Skeleton is too narrow to match evidence

Evidence contradicts an assumption but is
not retrieved

Ambiguous or domain-
specific language

Sparse context or long-range
dependency

Penalty too small or bridge too
broad

Uncertainty not routed to soft
path

Evidence insufficient or bal-
anced

Entity normalization or predi-
cate mismatch

Incomplete context extraction
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853 S.1 Residual Error Distribution

Table 29: Distribution of residual errors. Values are percentages among residual errors on GPT-5.1-
generated CoT traces.

Failure Type ProofWriter BioASQ LegalBench-SARA
Wrong skeleton 12.1 18.4 16.2
Missing bridge 9.4 24.6 23.1

False soft accept 8.7 17.2 19.0

False rigid reject 12.8 10.5 12.7
Low-confidence tie 15.4 21.0 18.8
Over-specific rule 8.9 5.8 6.9
Contradiction missed 4.6 2.5 3.1

Other 28.1 - -

854 ProofWriter has more residual errors caused by formalization boundary cases, while BioASQ and
855 LegalBench-SARA show more missing-bridge and false-soft-accept errors. This is consistent with
es6 the main results: uncertainty-aware verification is most useful when reasoning is evidential or
857 assumption-dependent, but it remains limited by the quality of skeleton extraction and bridge search.

ss8  S.2 Error Interpretation

859 The most important residual failure is not that the soft path fails to assign a low natural energy, but that
8s0 it sometimes cannot distinguish a genuinely supported weak inference from an underconstrained one.
ss1  The natural-versus-negated comparison reduces this failure mode, but it does not eliminate it when
s62 evidence is sparse or contradictory evidence is not retrieved. This motivates the use of assumption
ge3 penalties and contradiction filtering in the main method.

s« 1 Extended Case Studies

ess This appendix provides qualitative examples that illustrate how the rigid and soft paths behave.
sss The numerical values are representative of the scoring behavior under the energy objective and are
g7 included to make the verification mechanism concrete.

gss T.1 End-to-End Auditable Example

sso This case illustrates the complete soft-path verification process for an uncertainty-marked biomedical
870  step. The example is intended to make the bridge-assumption mechanism auditable: bridge candidates
g71 are treated as proposals, not as verified facts, and the final decision is made only after support-
g72  grounded weighting, assumption regularization, and natural-versus-negated energy comparison.
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Table 30: End-to-end verification trace for an uncertainty-marked BioASQ step.

Stage Auditable content

Local support context P; The biomedical context provides partial association evidence between
ADHD and the Dp71 genotype, but does not state a deterministic entail-
ment relation.

CoT step s¢ ADHD might be associated with the Dp71 genotype.

Uncertainty marker might be associated with; the step is routed to the soft path rather than
hardened into a binary entailment claim.

Predicate skeleton ¢+ Associated(ADHD, Dp71).

Evidence atoms O Mentioned(ADHD), Mentioned(Dp71), and a weak contextual relation
supporting Associated(ADHD, Dp71).

Bridge candidates A; a1: contextual association bridge from the local evidence to

Associated(ADHD, Dp71); ao: broad disease—genotype bridge; as: un-
supported causal bridge.

Filtering and cost aq is retained because it is grounded in the local context; as receives a
higher cost because it is broader than the stated evidence; a3 is rejected
or assigned high cost because it introduces an unsupported causal claim.

Selected repair A" ={a1},C; = 0.34, and wy = exp(—0.8 x 0.34) = 0.76.

PSL rule 0.76 : ContextSupports(ADHD, Dp71) —
Associated(ADHD, Dp71).

Natural interpretation The target relation Associated(ADHD, Dp71) is softly supported under
the evidence and selected bridge.

Negated interpretation The competing hypothesis treats the target relation as unsupported under
the same evidence, rules, bridge candidates, and penalty settings.

Energy result FErnas = 0.188, Eneg = 0.750, AE = 0.562. With v = 1.5, k =
o(1.5 x 0.562) = 0.699.

Decision Accepted as weakly supported because £ > Tyerity = 0.50. The decision

is not a deterministic biomedical proof; it means that the natural inter-
pretation is more compatible than the negated interpretation under the
constructed evidence and penalties.

g73 T.2 Legal Bridge-Assumption Case

Table 31: LegalBench-SARA bridge-assumption case.

Field Content

Uncertain step The taxpayer is likely eligible under the exception if the transfer satisfies
the statutory condition.

Rigid failure The conclusion depends on contextual bridge assumptions about statutory
applicability and cannot be verified as a direct binary implication.

Predicate skeleton EligibleUnderException(Taxpayer, Transfer)

Support pattern The context supports the condition, but requires one bridge assumption
linking the transfer description to the statutory predicate.

Energy result Enat = 0.214, Eheg = 0.681, AE = 0.467, k = 0.668

Interpretation The step is accepted as a supported conditional inference, not as a hard

statutory proof.
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874

875

876

T.3 Weak-Support Rejection Case

Table 32: Failure case controlled by assumption penalty.

Field

Content

Uncertain step
Problem

Soft-only behavior
PROBVERI behavior

Energy result
Interpretation

The treatment likely improves long-term survival.

The context mentions short-term response but gives no evidence about
long-term survival.

A soft-only verifier may accept the step because no explicit contradiction
is present.

The bridge from short-term response to long-term survival incurs high
repair cost, lowering the rule weight and preventing a strong positive
energy gap.

Ernat = 0.411, Eheg = 0.398, AE = —0.013, k = 0.495

The step is not verified because the natural interpretation is not more
compatible than the negated interpretation.

T.4 ProofWriter Deterministic Success Case

Table 33: ProofWriter deterministic success case.

Field Content

Step Since all blue animals are kind and Fiona is blue, Fiona is kind.
Route Rigid path

Symbolic form Vz (Blue(z) — Kind(x)), Blue(Fiona) = Kind(Fiona)
Solver result P, U {—q:} is UNSAT

Verdict Verified with k = 1.0

Interpretation Deterministic logical steps remain under rigid symbolic control.

T.5 Router Error Case

Table 34: Router error case.

Field Content

Step The molecular response indicates clinical benefit.

Problem The step lacks explicit modal markers but expresses a weak biomedical
association.

Error A lexical-only router sends the step to the rigid path.

Correction Support-gap detection identifies that the relation is not directly derivable
and routes it to the soft path.

Lesson Lexical markers are insufficient; contextual support-gap detection is

necessary.

s77 U Prompt Templates and LLM Usage

878
879
880
881

This appendix documents the LLM usage in the experimental pipeline. LLMs are used to generate
CoT traces, instantiate candidate symbolic structures, and implement neural baselines such as LLM-
as-a-Judge. The final soft verification score is not a self-reported LLM confidence; it is computed
from the PSL energy gap AE = Eq — Epat.
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g2 U.l LLM Usage Summary

Table 35: LLM usage in the pipeline.

Component LLM Role Final Decision Source
CoT generation Produce the initial reasoning trace from question Backbone answer and
and context trace

Uncertainty detection Identify modal or weak-support markers Router plus support-gap
checks

Skeleton extraction Propose predicate-level skeletons Verified by rule construc-
tion and evidence match-
ing

Bridge generation Propose minimal candidate bridge assumptions  Filtered by support, con-
tradiction, and cost

LILM-as-a-Judge baseline Directly judge support status Baseline label

Soft verification No direct confidence assignment PSL energy gap AE

gs3 U2 CoT Generation Prompt

Given the question and context, produce a concise step-by-step reasoning trace before giving
the final answer. Each reasoning step should be written as a separate sentence. If the evidence
is uncertain, use appropriate epistemic language such as may, suggests, or is associated with;
do not convert weak evidence into deterministic claims.

gss U3 Uncertainty Marker Detection Prompt

Given a reasoning step, identify whether it contains epistemic uncertainty, weak support,
association, or conditional applicability. Return: (1) uncertainty markers, (2) whether the step
should be treated as deterministic or uncertainty-marked, and (3) a short explanation.

886

gs7 U.4 Predicate Skeleton Extraction Prompt

Given a reasoning step and its local context, extract a predicate-level skeleton. Preserve the
relational structure of the claim but do not assign a confidence score. Return: predicate name,
arguments, uncertainty markers, and candidate evidence atoms.

888

sss U.5 Bridge Assumption Generation Prompt

Given a local support context P; and a target step s;, list minimal bridge assumptions that
would make the step supported. Each bridge must be grounded in the context or explicitly
marked as unsupported. Do not invent domain facts that are absent from the context.

890
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sos1  U.6 Contradiction Filtering Prompt

Given a candidate bridge assumption and the local context, determine whether the bridge
contradicts any stated evidence or previously verified step. Return KEEP, WEAK, or REJECT.
Reject assumptions that introduce facts directly contradicted by the context.

892

sos  U.7 Rigid Formalization Prompt

Translate deterministic reasoning steps into symbolic predicates and constraints. If the step
contains epistemic uncertainty or cannot be faithfully represented as strict entailment, return
UNTRANSLATABLE rather than forcing a hard predicate.

894

g5 U.8 PSL Rule Construction Prompt

Given a predicate skeleton, local support context, and bridge assumptions, construct weighted
soft rules in PSL-style form. Return: (1) head predicate, (2) body predicates, (3) support
source, and (4) whether the rule encodes direct support, partial support, or weak support. Do
not assign a high weight unless the support is explicit or minimally repaired.

896

go7 U9 LLM-as-a-Judge Baseline Prompt

Given the context, question, and reasoning step, decide whether the step is supported, con-
tradicted, or unsupported. Return one of: SUPPORTED, CONTRADICTED, or UNSUPPORTED.
Provide a one-sentence explanation. Do not use hidden assumptions that are not present in
the context.

898

gog  U.10 Use of LLM QOutputs

900 LLM outputs are treated as candidate structures rather than final verification decisions, except for the
901 explicit LLM-as-a-Judge baseline. Candidate skeletons and bridges are checked through evidence
902 matching, contradiction filtering, repair cost, and PSL inference. This separation is important because
903 PROBVERI does not rely on opaque LLM confidence as a rule weight.

s« V Compute Resources and Runtime

905 This appendix reports approximate runtime and compute characteristics. Runtime varies with trace
906 length, number of soft-routed steps, and the number of bridge candidates retained after filtering. The
907 values below are intended to document the scale of the experiments rather than to claim system-level
908 Optimization.
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909 V.1 Runtime per Reasoning Step

Table 36: Approximate verification runtime per reasoning step.

Path Median Time  90th Percentile Dominant Cost

Rigid path 0.05s 0.18s symbolic translation and solver call
Soft path 0.43s 1.12s bridge search and PSL inference
Full step average 0.20s 0.70s routing mix dependent

ot10 V.2 Compute Summary

Table 37: Compute and execution summary.

Item Description

Closed-source backbones CoT traces are generated through API access under provider terms.

Open-weight backbone Qwen3-8B traces are generated with local inference; checkpoint and
hardware metadata are tracked as part of the experiment metadata.

Rigid verification SMT-style checks are executed on CPU.

Soft verification PSL-style optimization and bridge filtering are executed on CPU in
the reported experiments.

Dominant cost Soft-routed steps dominate verification cost because each requires
natural and negated optimization.

Parallelization Steps and traces can be parallelized because each trace-level verifi-

cation instance is independent after CoT generation.

911 V.3 Scaling Considerations

912 Let T be the number of reasoning steps in a trace and 7’ be the number of soft-routed steps. Rigid
913 checks are inexpensive relative to soft inference. The dominant term is therefore the number of
914 soft-routed steps times two PSL solves, one for E,,; and one for E,,¢,. Since the router sends directly
915 formalizable steps to the rigid path, the practical cost depends on the proportion of uncertain or
916 support-gap steps rather than on trace length alone.

o7 W Broader Impact, Safeguards, and Responsible Use

918 PROBVERI is intended as a verification aid rather than a replacement for domain experts. In medical
ot9 and legal settings, a confidence-scored verification result should not be interpreted as factual certainty
920 or professional advice. The method can reduce unsupported reasoning by distinguishing hard
921 entailment, weak support, contradiction, and uncertainty, but it remains dependent on the quality of
922 context, predicate extraction, bridge assumptions, and calibration diagnostics.

923 W.1 Potential Benefits

924 The main potential benefit is improved process-level reliability. By separating unsupported steps
925 from weakly but consistently supported inferences, the verifier can help identify reasoning traces that
926 should not be trusted even when the final answer appears plausible. This is especially relevant in
927 domains where intermediate reasoning contains modal, associative, or conditional language.

928 W.2 Risks and Limitations

929 The most important risk is over-trust. A high verification score indicates that the natural interpretation
930 is more compatible with the available evidence than the negated interpretation under the constructed
931 rules; it does not guarantee that the underlying evidence is complete or that the domain conclusion is
932 correct. Errors may also arise from wrong predicate skeletons, missing contradiction evidence, overly
933 broad bridge assumptions, or domain-specific ambiguity.
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93¢ W.3 Safeguards

935 We recommend using the method as part of a human-in-the-loop verification workflow, especially in
936 high-stakes settings. Verification outputs should be accompanied by the supporting evidence atoms,
937 bridge assumptions, energy gap, and confidence score. Claims that require professional medical,
938 legal, or safety judgment should remain subject to expert review.

939 W.4 Human Subjects and Sensitive Data

940 This work evaluates existing benchmark datasets and generated reasoning traces. It does not involve
941 human-subject experiments, crowdsourcing, or collection of new personal data. The method is not
942 intended to infer sensitive attributes of individuals. Any deployment in real medical or legal settings
943 would require additional governance, privacy review, and domain-specific validation.

944 W.5 Responsible Release

a45 If code or processed traces are released, they should include prompt templates, solver settings,
a6 dataset references, and instructions for reproducing aggregate metrics. Restricted benchmark data
947 and closed-source model outputs should not be redistributed in violation of their original terms. The
a4g release should also document known limitations, including dependence on context quality, extraction
949 quality, and bridge candidate coverage.
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ss0  NeurIPS Paper Checklist

951 1. Claims

952 Question: Do the main claims made in the abstract and introduction accurately reflect the
953 paper’s contributions and scope?

954 Answer: [Yes]

955 Justification: The abstract and introduction accurately outline our research questions and
956 faithfully reflect the paper’s contributions and scope.

957 Guidelines:

958 ¢ The answer [N/A| means that the abstract and introduction do not include the claims
959 made in the paper.

960 * The abstract and/or introduction should clearly state the claims made, including the
961 contributions made in the paper and important assumptions and limitations. A or
962 [N/A] answer to this question will not be perceived well by the reviewers.

963 * The claims made should match theoretical and experimental results, and reflect how
964 much the results can be expected to generalize to other settings.

965 * It is fine to include aspirational goals as motivation as long as it is clear that these goals
966 are not attained by the paper.

967 2. Limitations

968 Question: Does the paper discuss the limitations of the work performed by the authors?
969 Answer: [Yes]

970 Justification: The paper discusses the main limitations of the proposed method, including
971 its dependence on extraction quality, bridge assumptions, and domain-specific verification
972 conditions.

973 Guidelines:

974 * The answer [N/A] means that the paper has no limitation while the answer means
975 that the paper has limitations, but those are not discussed in the paper.

976 * The authors are encouraged to create a separate “Limitations” section in their paper.
977 * The paper should point out any strong assumptions and how robust the results are to
978 violations of these assumptions (e.g., independence assumptions, noiseless settings,
979 model well-specification, asymptotic approximations only holding locally). The authors
980 should reflect on how these assumptions might be violated in practice and what the
981 implications would be.

982 ¢ The authors should reflect on the scope of the claims made, e.g., if the approach was
983 only tested on a few datasets or with a few runs. In general, empirical results often
984 depend on implicit assumptions, which should be articulated.

985 * The authors should reflect on the factors that influence the performance of the approach.
986 For example, a facial recognition algorithm may perform poorly when image resolution
987 is low or images are taken in low lighting. Or a speech-to-text system might not be
988 used reliably to provide closed captions for online lectures because it fails to handle
989 technical jargon.

990 * The authors should discuss the computational efficiency of the proposed algorithms
991 and how they scale with dataset size.

992 * If applicable, the authors should discuss possible limitations of their approach to
993 address problems of privacy and fairness.

994 * While the authors might fear that complete honesty about limitations might be used by
995 reviewers as grounds for rejection, a worse outcome might be that reviewers discover
996 limitations that aren’t acknowledged in the paper. The authors should use their best
997 judgment and recognize that individual actions in favor of transparency play an impor-
998 tant role in developing norms that preserve the integrity of the community. Reviewers
999 will be specifically instructed to not penalize honesty concerning limitations.

1000 3. Theory assumptions and proofs

1001 Question: For each theoretical result, does the paper provide the full set of assumptions and
1002 a complete (and correct) proof?
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1003 Answer: [Yes]

1004 Justification: The paper states the assumptions behind the formal objective, and the appendix
1005 provides derivations and proofs for the theoretical properties used in the method.

1006 Guidelines:

1007 * The answer [N/A] means that the paper does not include theoretical results.

1008  All the theorems, formulas, and proofs in the paper should be numbered and cross-
1009 referenced.

1010 * All assumptions should be clearly stated or referenced in the statement of any theorems.
1011 * The proofs can either appear in the main paper or the supplemental material, but if
1012 they appear in the supplemental material, the authors are encouraged to provide a short
1013 proof sketch to provide intuition.

1014 * Inversely, any informal proof provided in the core of the paper should be complemented
1015 by formal proofs provided in appendix or supplemental material.

1016 » Theorems and Lemmas that the proof relies upon should be properly referenced.

1017 4. Experimental result reproducibility

1018 Question: Does the paper fully disclose all the information needed to reproduce the main ex-
1019 perimental results of the paper to the extent that it affects the main claims and/or conclusions
1020 of the paper (regardless of whether the code and data are provided or not)?

1021 Answer: [Yes]

1022 Justification: The paper provides the experimental protocol, datasets, metrics, solver settings,
1023 prompts, and raw-count summaries needed to understand and reproduce the main reported
1024 results.

1025 Guidelines:

1026 The answer [IN/A] means that the paper does not include experiments.

1027 o If the paper includes experiments, a answer to this question will not be perceived
1028 well by the reviewers: Making the paper reproducible is important, regardless of
1029 whether the code and data are provided or not.
1030 * If the contribution is a dataset and/or model, the authors should describe the steps taken
1031 to make their results reproducible or verifiable.
1032 * Depending on the contribution, reproducibility can be accomplished in various ways.
1033 For example, if the contribution is a novel architecture, describing the architecture fully
1034 might suffice, or if the contribution is a specific model and empirical evaluation, it may
1035 be necessary to either make it possible for others to replicate the model with the same
1036 dataset, or provide access to the model. In general. releasing code and data is often
1037 one good way to accomplish this, but reproducibility can also be provided via detailed
1038 instructions for how to replicate the results, access to a hosted model (e.g., in the case
1039 of a large language model), releasing of a model checkpoint, or other means that are
1040 appropriate to the research performed.
1041 * While NeurIPS does not require releasing code, the conference does require all submis-
1042 sions to provide some reasonable avenue for reproducibility, which may depend on the
1043 nature of the contribution. For example
1044 (a) If the contribution is primarily a new algorithm, the paper should make it clear how
1045 to reproduce that algorithm.
1046 (b) If the contribution is primarily a new model architecture, the paper should describe
1047 the architecture clearly and fully.
1048 (c) If the contribution is a new model (e.g., a large language model), then there should
1049 either be a way to access this model for reproducing the results or a way to reproduce
1050 the model (e.g., with an open-source dataset or instructions for how to construct
1051 the dataset).
1052 (d) We recognize that reproducibility may be tricky in some cases, in which case
1053 authors are welcome to describe the particular way they provide for reproducibility.
1054 In the case of closed-source models, it may be that access to the model is limited in
1055 some way (e.g., to registered users), but it should be possible for other researchers
1056 to have some path to reproducing or verifying the results.
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1057 5. Open access to data and code

1058 Question: Does the paper provide open access to the data and code, with sufficient instruc-
1059 tions to faithfully reproduce the main experimental results, as described in supplemental
1060 material?
1061 Answer:
1062 Justification: A full public code release is not included at submission time. However, the
1063 paper provides detailed algorithmic descriptions, prompts, solver settings, dataset protocols,
1064 and raw-count summaries to support reproducibility.
1065 Guidelines:
1066 » The answer [N/A] means that paper does not include experiments requiring code.
1067 * Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
1068 public/guides/CodeSubmissionPolicy) for more details.
1069 * While we encourage the release of code and data, we understand that this might not
1070 be possible, so is an acceptable answer. Papers cannot be rejected simply for not
1071 including code, unless this is central to the contribution (e.g., for a new open-source
1072 benchmark).
1073 * The instructions should contain the exact command and environment needed to run to
1074 reproduce the results. See the NeurIPS code and data submission guidelines (https:
1075 //neurips.cc/public/guides/CodeSubmissionPolicy) for more details.
1076 * The authors should provide instructions on data access and preparation, including how
1077 to access the raw data, preprocessed data, intermediate data, and generated data, etc.
1078 * The authors should provide scripts to reproduce all experimental results for the new
1079 proposed method and baselines. If only a subset of experiments are reproducible, they
1080 should state which ones are omitted from the script and why.
1081 * At submission time, to preserve anonymity, the authors should release anonymized
1082 versions (if applicable).
1083 * Providing as much information as possible in supplemental material (appended to the
1084 paper) is recommended, but including URLSs to data and code is permitted.
1085 6. Experimental setting/details
1086 Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
1087 rameters, how they were chosen, type of optimizer) necessary to understand the results?
1088 Answer: [Yes]
1089 Justification: The experimental settings, including datasets, reasoning backbones, baselines,
1090 metrics, thresholds, and solver hyperparameters, are described in the main paper and
1091 appendix.
1092 Guidelines:
1093 » The answer [N/A] means that the paper does not include experiments.
1094 * The experimental setting should be presented in the core of the paper to a level of detail
1095 that is necessary to appreciate the results and make sense of them.
1096 * The full details can be provided either with the code, in appendix, or as supplemental
1097 material.
1098 7. Experiment statistical significance
1099 Question: Does the paper report error bars suitably and correctly defined or other appropriate
1100 information about the statistical significance of the experiments?
1101 Answer: [Yes]
1102 Justification: The appendix reports confidence intervals and stability diagnostics for the
1103 main verification results.
1104 Guidelines:
1105 * The answer [N/A] means that the paper does not include experiments.
1106 * The authors should answer [ Yes] if the results are accompanied by error bars, confidence
1107 intervals, or statistical significance tests, at least for the experiments that support the
1108 main claims of the paper.
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1109 * The factors of variability that the error bars are capturing should be clearly stated (for

1110 example, train/test split, initialization, random drawing of some parameter, or overall

111 run with given experimental conditions).

1112 * The method for calculating the error bars should be explained (closed form formula,

1113 call to a library function, bootstrap, etc.)

1114 ¢ The assumptions made should be given (e.g., Normally distributed errors).

1115 * It should be clear whether the error bar is the standard deviation or the standard error

1116 of the mean.

117 e It is OK to report 1-sigma error bars, but one should state it. The authors should

1118 preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis

1119 of Normality of errors is not verified.

1120 » For asymmetric distributions, the authors should be careful not to show in tables or

1121 figures symmetric error bars that would yield results that are out of range (e.g., negative

1122 error rates).

1123 o If error bars are reported in tables or plots, the authors should explain in the text how

1124 they were calculated and reference the corresponding figures or tables in the text.

1125 8. Experiments compute resources

1126 Question: For each experiment, does the paper provide sufficient information on the com-

1127 puter resources (type of compute workers, memory, time of execution) needed to reproduce

1128 the experiments?

1129 Answer: [Yes]

1130 Justification: The appendix provides a summary of the compute setting and approximate

1131 runtime required for rigid and soft verification.

1132 Guidelines:

1133 * The answer [N/A] means that the paper does not include experiments.

1134  The paper should indicate the type of compute workers CPU or GPU, internal cluster,

1135 or cloud provider, including relevant memory and storage.

1136 * The paper should provide the amount of compute required for each of the individual

1137 experimental runs as well as estimate the total compute.

1138 * The paper should disclose whether the full research project required more compute

1139 than the experiments reported in the paper (e.g., preliminary or failed experiments that

1140 didn’t make it into the paper).

1141 9. Code of ethics

1142 Question: Does the research conducted in the paper conform, in every respect, with the

1143 NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

1144 Answer: [Yes]

1145 Justification: The research uses existing benchmarks and generated reasoning traces, and we

1146 are not aware of any aspect that conflicts with the NeurIPS Code of Ethics.

1147 Guidelines:

1148 e The answer [N/A| means that the authors have not reviewed the NeurIPS Code of

1149 Ethics.

1150 * If the authors answer , they should explain the special circumstances that require a

1151 deviation from the Code of Ethics.

1152 * The authors should make sure to preserve anonymity (e.g., if there is a special consid-

1153 eration due to laws or regulations in their jurisdiction).

1154 10. Broader impacts

1155 Question: Does the paper discuss both potential positive societal impacts and negative

1156 societal impacts of the work performed?

1157 Answer: [Yes]

1158 Justification: The paper discusses potential benefits and risks of uncertainty-aware verifica-

1159 tion, including reliability improvements and the risk of over-trust in high-stakes settings.
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1160 Guidelines:

1161 » The answer [N/A] means that there is no societal impact of the work performed.

1162 o If the authors answer [N/A] or , they should explain why their work has no societal

1163 impact or why the paper does not address societal impact.

1164 » Examples of negative societal impacts include potential malicious or unintended uses

1165 (e.g., disinformation, generating fake profiles, surveillance), fairness considerations

1166 (e.g., deployment of technologies that could make decisions that unfairly impact specific

1167 groups), privacy considerations, and security considerations.

1168 * The conference expects that many papers will be foundational research and not tied

1169 to particular applications, let alone deployments. However, if there is a direct path to

1170 any negative applications, the authors should point it out. For example, it is legitimate

171 to point out that an improvement in the quality of generative models could be used to

1172 generate Deepfakes for disinformation. On the other hand, it is not needed to point out

1173 that a generic algorithm for optimizing neural networks could enable people to train

1174 models that generate Deepfakes faster.

1175 * The authors should consider possible harms that could arise when the technology is

1176 being used as intended and functioning correctly, harms that could arise when the

177 technology is being used as intended but gives incorrect results, and harms following

1178 from (intentional or unintentional) misuse of the technology.

1179 * If there are negative societal impacts, the authors could also discuss possible mitigation

1180 strategies (e.g., gated release of models, providing defenses in addition to attacks,

1181 mechanisms for monitoring misuse, mechanisms to monitor how a system learns from

1182 feedback over time, improving the efficiency and accessibility of ML).

1183 11. Safeguards

1184 Question: Does the paper describe safeguards that have been put in place for responsible

1185 release of data or models that have a high risk for misuse (e.g., pre-trained language models,

1186 image generators, or scraped datasets)?

1187 Answer: [Yes]

1188 Justification: The paper describes responsible-use considerations, including the need for

1189 human oversight and caution when applying verification outputs in medical, legal, or other

1190 high-stakes domains.

1191 Guidelines:

1192 * The answer [N/A] means that the paper poses no such risks.

1193 * Released models that have a high risk for misuse or dual-use should be released with

1194 necessary safeguards to allow for controlled use of the model, for example by requiring

1195 that users adhere to usage guidelines or restrictions to access the model or implementing

1196 safety filters.

1197 * Datasets that have been scraped from the Internet could pose safety risks. The authors

1198 should describe how they avoided releasing unsafe images.

1199 * We recognize that providing effective safeguards is challenging, and many papers do

1200 not require this, but we encourage authors to take this into account and make a best

1201 faith effort.

1202 12. Licenses for existing assets

1203 Question: Are the creators or original owners of assets (e.g., code, data, models), used in

1204 the paper, properly credited and are the license and terms of use explicitly mentioned and

1205 properly respected?

1206 Answer: [Yes]

1207 Justification: The paper credits the datasets, models, and tools used in the experiments, and

1208 follows the corresponding release terms where applicable.

1209 Guidelines:

1210 * The answer [N/A] means that the paper does not use existing assets.

1211 * The authors should cite the original paper that produced the code package or dataset.
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1212  The authors should state which version of the asset is used and, if possible, include a

1213 URL.

1214 * The name of the license (e.g., CC-BY 4.0) should be included for each asset.

1215 * For scraped data from a particular source (e.g., website), the copyright and terms of
1216 service of that source should be provided.

1217  If assets are released, the license, copyright information, and terms of use in the
1218 package should be provided. For popular datasets, paperswithcode.com/datasets
1219 has curated licenses for some datasets. Their licensing guide can help determine the
1220 license of a dataset.

1221 * For existing datasets that are re-packaged, both the original license and the license of
1222 the derived asset (if it has changed) should be provided.

1223 * If this information is not available online, the authors are encouraged to reach out to
1224 the asset’s creators.

1225 13. New assets

1226 Question: Are new assets introduced in the paper well documented and is the documentation
1227 provided alongside the assets?

1228 Answer: [N/A]

1229 Justification: The paper does not introduce a new dataset, benchmark, or model asset.

1230 Guidelines:

1231 * The answer [N/A] means that the paper does not release new assets.

1232 * Researchers should communicate the details of the dataset/code/model as part of their
1233 submissions via structured templates. This includes details about training, license,
1234 limitations, etc.

1235 * The paper should discuss whether and how consent was obtained from people whose
1236 asset is used.

1237 * At submission time, remember to anonymize your assets (if applicable). You can either
1238 create an anonymized URL or include an anonymized zip file.

1239 14. Crowdsourcing and research with human subjects

1240 Question: For crowdsourcing experiments and research with human subjects, does the paper
1241 include the full text of instructions given to participants and screenshots, if applicable, as
1242 well as details about compensation (if any)?

1243 Answer: [N/A]

1244 Justification: The work does not involve crowdsourcing or human-subject experiments.
1245 Guidelines:

1246 * The answer [N/A]| means that the paper does not involve crowdsourcing nor research
1247 with human subjects.

1248 ¢ Including this information in the supplemental material is fine, but if the main contribu-
1249 tion of the paper involves human subjects, then as much detail as possible should be
1250 included in the main paper.

1251 * According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
1252 or other labor should be paid at least the minimum wage in the country of the data
1253 collector.

1254 15. Institutional review board (IRB) approvals or equivalent for research with human
1255 subjects

1256 Question: Does the paper describe potential risks incurred by study participants, whether
1257 such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
1258 approvals (or an equivalent approval/review based on the requirements of your country or
1259 institution) were obtained?

1260 Answer: [N/A]

1261 Justification: The work does not involve human-subject experiments, so IRB approval is not
1262 applicable.

1263 Guidelines:
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1264 * The answer [N/A] means that the paper does not involve crowdsourcing nor research

1265 with human subjects.

1266 * Depending on the country in which research is conducted, IRB approval (or equivalent)
1267 may be required for any human subjects research. If you obtained IRB approval, you
1268 should clearly state this in the paper.

1269 * We recognize that the procedures for this may vary significantly between institutions
1270 and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
1271 guidelines for their institution.

1272 * For initial submissions, do not include any information that would break anonymity (if
1273 applicable), such as the institution conducting the review.

1274 16. Declaration of LLM usage

1275 Question: Does the paper describe the usage of LLMs if it is an important, original, or
1276 non-standard component of the core methods in this research? Note that if the LLM is used
1277 only for writing, editing, or formatting purposes and does not impact the core methodology,
1278 scientific rigor, or originality of the research, declaration is not required.

1279 Answer: [Yes]

1280 Justification: The paper describes the use of LLMs for generating reasoning traces and can-
1281 didate structures, while the final verification score is computed by the proposed verification
1282 objective rather than by model-reported confidence.

1283 Guidelines:

1284 * The answer [N/A] means that the core method development in this research does not
1285 involve LLMs as any important, original, or non-standard components.

1286 * Please refer to our LLM policy in the NeurIPS handbook for what should or should not
1287 be described.
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