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Abstract

Large Language Models (LLMs) can produce complex reasoning chains, of-
fering a window into their decision-making processes. However, verifying
the quality (e.g., faithfulness and correctness) of these intermediate steps is
a critical, unsolved challenge. Current auditing methods usually rely on
a centralized auditor, either human or verifier model, to inspect full rea-
soning traces. This paper addresses three key challenges in those methods.
Robustness: Centralized systems are single points of failure, vulnerable
to attacks and systemic bias. Scalability: The lengthiness and complex-
ity of reasoning traces create a severe bottleneck for human auditors. IP
confidentiality: Model providers risk intellectual property theft or model
distillation when exposing complete reasoning traces. To overcome these
barriers, we introduce TRUST, a crowdsourcing framework for auditing
LLM reasoning. TRUST makes the following contributions: First, it estab-
lishes a consensus mechanism among a diverse set of auditors that removes
reliance on any single trusted auditor: under the modeled seat-corruption
process the trace-level failure bound holds up to a 20% adversarial seat frac-
tion, and empirically TRUST retains 69.0% accuracy with one compromised
seat per segment, where centralized baselines collapse to ∼20%. Second,
it introduces a scalable decomposition method that transforms reasoning
traces into hierarchical directed acyclic graphs, enabling atomic reasoning
steps to be audited in parallel by a crowd of independent auditors. Third,
the framework limits exposure by distributing only partial segments of
the reasoning trace to auditors. We provide theoretical guarantees for the
security and economic incentives. Experiments across multiple LLMs (e.g.,
GPT-OSS, DeepSeek-r1, Qwen) and reasoning tasks (e.g., math, medicine,
science, and humanities) demonstrate that TRUST is highly effective at
identifying reasoning flaws and is significantly more resilient to corrupted
and adversarial auditors than centralized baselines. Our work introduces
an auditing framework for reasoning AI systems, enabling safer and secure
deployment in high-stakes settings.

1 Introduction

Large language models (LLMs) have expanded from text generation to complex, multi-
step reasoning, producing Large Reasoning Models (LRMs) that emit explicit reasoning
traces (Wei et al., 2022). This exposes a model’s logical flow, but also its flaws: logical errors,
unfaithfulness to the true internal state (Turpin et al., 2023), and safety vulnerabilities. Veri-
fying these intermediate steps is a prerequisite for deploying LRMs in high-stakes domains
such as medicine (Singhal et al., 2023), law (Chalkidis et al., 2021), and finance (Wang et al.,
2023), and is made urgent by regulatory frameworks like the EU AI Act (COM, 2021) and the
NIST AI RMF (AI, 2023), which mandate rigorous documentation and monitoring (OECD,
2019). However, even as recent works advance auditing for semi-structured reasoning (Leng
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Figure 1: TRUST remains effective at auditing reasoning flaws in the MMLU-Pro-CoT-Train
dataset (Lab, 2024) as the proportion of corrupted auditors increases. Metric: trace-level
audit accuracy (%), n = 200 annotated traces, random segment-verdict corruption; Table 2c
reports adaptive, correlated-bias and compromised-seat attacks.

et al., 2025) or propose new faithfulness metrics (Lanham et al., 2023), prevailing auditing
methods remain misaligned with this paradigm. Their centralized, opaque, and unscalable
nature creates unacceptable risks, as they either rely on a single trusted entity, cannot process
the volume and complexity of reasoning traces, or force a dangerous trade-off between
public transparency and the protection of proprietary models.

Prompt

Reasoning

Users

First we need to 
consider...

Reasoning Trace Crowdsourcing

Audit

TRUST Verified

LLMs Provider Decomposition

Figure 2: Reasoning traces (left) are decom-
posed into hierarchical segments (middle) and
verified by a heterogeneous crowd of com-
puter, LLM, and human auditors (right), whose
crowdsourcing consensus produces a TRUST-
verified audit.

The inadequacy of current auditing sys-
tems stems from three interconnected
challenges. First, a lack of Robustness:
systems relying on a single auditor, hu-
man expert or LLM, are a “single point
of failure”, vulnerable to prompt injec-
tion (Zou et al., 2023; Perez & Ribeiro,
2022) and to systemic bias (Bender et al.,
2021; Liang et al., 2022). Second, a se-
vere Scalability bottleneck: the volume
and combinatorial complexity of traces
from modern LRMs, especially under
branching search (Lightman et al., 2023;
Yao et al., 2023a), make comprehensive
manual verification economically infeasi-
ble, as the human effort behind existing
process-supervision datasets shows (Bai
et al., 2022; Lightman et al., 2023). Additionally, simple crowdsourcing audit creating IP
confidentiality issues since exposing complete reasoning traces for public audit risks the
theft of valuable intellectual property through model distillation (Carlini et al., 2021) and
increases the surface area for extracting sensitive training data (Nasr et al., 2023). We delib-
erately say confidentiality rather than privacy throughout: the property at stake is protection
of the provider’s proprietary reasoning logic, not protection of end-user data (see the Ethics
Statement).

Addressing these simultaneous challenges of robustness, scalability, and confidentiality
demands a new approach to the auditing paradigm. Our work answer the following
research questions:

RQ 1. How can we design an auditing system that is robust to malicious participants and
systemic bias without relying on a single trusted auditor

RQ 2. How can this system scale to audit complex reasoning traces while preserving the
intellectual property of the model provider and ensuring public transparency

Answering them leads to a framework integrating crowdsourcing, confidentiality-aware
protocols, and a novel decomposition for reasoning itself. We introduce TRUST, a crowd-
sourcing framework for auditing LLM reasoning (see Figure 2). To achieve robustness,
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TRUST establishes a consensus mechanism among a diverse, multi-tier set of auditors,
drawing on principles from Byzantine Fault Tolerant systems (Castro et al., 1999; Lamport
et al., 2019) to bound the trace-level failure probability under a modeled seat-corruption
process. For scalability, the framework introduces a novel decomposition method that
transforms reasoning traces into Hierarchical Directed Acyclic Graphs (HDAGs), a structured
representation that permits parallel verification of atomic reasoning steps by a distributed
network. To address IP confidentiality, the protocol distributes only partial, disconnected
trace segments to individual auditors, raising the cost of full-trace reconstruction; Table 1
quantifies what a colluding coalition can still recover. The HDAG parser and the assign-
ment platform remain trusted components: TRUST eliminates the single trusted auditor,
not every trusted element of the pipeline (Section 5). We show empirically that the parser,
although non-deterministic and inconsistent at the label level, does not move the trace
verdict (Section E).

We prove a Safety–Profitability Guarantee theorem ensuring that, under configurable statistical
and economic conditions, the system achieves a target audit safety level while making honest
participation profitable and malicious behavior loss-making. Our empirical validation spans
multiple LLMs (e.g., GPT-OSS (OpenAI, 2025), DeepSeek-r1 (DeepSeek-AI et al., 2025),
Qwen (Yang et al., 2025)) and diverse reasoning tasks, with human-in-the-loop experiments
validating the multi-tier design, and shows TRUST is markedly more resilient to coordinated
attacks than centralized baselines.

In summary, our main contributions are:

• We introduce TRUST, to our knowledge the first crowdsourcing auditing system for
reasoning traces that achieves confidentiality-aware verification without exposing the
full trace of the proprietary model.

• We develop a systematic approach to decompose Chain-of-Thought reasoning into Hier-
archical Directed Acyclic Graphs (HDAGs) that enable modular verification coupled with
a multi-tier verification, routing simple problems to automated validators and complex
problems to human experts.

• We state an explicit collusion threat model for crowdsourced reasoning audit and measure
residual leakage along three axes (token recall, order recall, segment coverage), a property
prior auditing work leaves implicit.

• We develop theoretically grounded incentive mechanisms which ensure that honest
auditors profit while malicious actor incur losses, providing the foundation necessary for
sustainable real-world deployment at scale.

• We conduct comprehensive experiments on diverse datasets (e.g., MMLU-Pro, GSM8K)
and models (e.g., GPT-OSS, DeepSeek-r1), including human-in-the-loop studies, to
demonstrate the effectiveness and robustness of TRUST against centralized baselines,
under random corruption, adaptive targeted attack, correlated auditor bias and directly
compromised auditor seats.

2 Related Works

Reasoning Model Verification. Chain-of-Thought (CoT) prompting has revolutionized LLM
reasoning by exposing intermediate steps (Wei et al., 2022), evolving into sophisticated tree-
based search methods (Yao et al., 2023a) and Large Reasoning Models that treat reasoning
as a primary objective (Jaech et al., 2024; Guo et al., 2025). However, these advances lack
systematic verification mechanisms for generated reasoning traces.

Auditing and Evaluation. Current auditing approaches range from centralized “LLM-as-a-
judge” methods (Zheng et al., 2023) to Process Reward Models that provide step-by-step
supervision (Lightman et al., 2023). Leng et al. (2025) audits semi-structured reasoners via
formal verification, and Lanham et al. (2023) measures chain-of-thought faithfulness; both
presume a centralized verifier. Related work on service-level integrity uses cryptographic
verification (Sun et al., 2025) and model-substitution detection (Cai et al., 2025), addressing
inference integrity rather than scalable semantic auditing by crowdsourcing consensus.
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Hidden Reasoning Steps Verify by
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Figure 3: Overview of TRUST. The TRUST framework decomposes Chain-of-Thought
reasoning traces into hierarchical directed acyclic graphs (DAGs) for modular verification
across a three-tier auditor system. The process begins with a reasoning query (left) that
generates intermediate reasoning steps, which are then decomposed into graph components
and distributed across automated computers, LLM-based, and human auditors. Auditors
verify reasoning segments independently, while reasoning trace decomposition limits each
auditor’s exposure to proprietary model internals. The final verification result provides
confidence guarantees for reasoning trace faithfulness and correctness for the end user.

Closest to our setting, RAudit (Chang & Geng, 2026) distributes individual reasoning steps
to auditors without dependency context in order to keep the full trace hidden. We compare
against a re-implementation of that protocol in Section 4.2 and find a +22.5 point trace-level
gap, which isolates the contribution of contextual routing and consensus over blind per-step
auditing.

Our work synthesizes these directions by introducing to our knowledge the first framework
for crowdsourcing, confidentiality-aware semantic auditing of reasoning traces at scale. Due
to space limitation, we provide more comprehensive related works in Section G.

3 Crowdsourcing Auditing for Large Reasoning Models

As illustrated in Figure 2, TRUST integrate both human or LLMs to audit faithfulness,
harmlessness, and logical consistency of chain-of-thought (CoT) reasoning. By operating
on intermediate traces rather than final outputs alone, TRUST enables earlier and more
comprehensive detection of reasoning flaws. TRUST features the following key innovations:

❶ Reasoning Trace Segmentation. Traces from multiple providers are batched to anonymize
source identity, then segmented into minimal auditable units stored so that each auditor sees
only its assigned segment(s). ❷ Auditing & Consensus. Heterogeneous auditors (compu-
tational checkers, LLMs, humans) vote independently via a cryptographic commit–reveal
protocol; segment-level quorums validate local steps and a trace-level aggregator combines
weighted segment outcomes into the final decision. ❸ Confidentiality-Aware Audit In-
frastructure. Audit metadata, assignments and outcomes are managed by the platform
while raw reasoning content is compartmentalized and disclosed on a need-to-know basis,
reducing exposure of full traces and supporting scalable human–AI collaboration.

3.1 Reasoning Trace Segmentation.
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Figure 4: Example of an HDAG.
Node color indicates the level
of difficulty assigned to differ-
ent types of auditors. Node
shape denotes the relationships
between nodes.

The core innovation of TRUST is the transformation
of a linear reasoning trace into a Hierarchical Directed
Acyclic Graph (HDAG) (see Figure 4 for an example).
This representation abstracts reasoning into five levels:
Goal, Strategy, Tactic, Step, and Operation. This hierarchy
mirrors neural evidence integration (Sarafyazd & Jazay-
eri, 2019) and enables scalable, parallel verification.

HDAG Construction. TRUST constructs the HDAG
through a three-stage pipeline. Hierarchical Mapping
parses reasoning trace into nodes, where each node
represents an auditable unit at one of the five abstrac-
tion levels. Relational Extraction defines edges to en-
code logical relationships, including structural links
(DECOMPOSES_TO, REFINES) and logical dependencies
(DEPENDS_ON, VALIDATES, CONTRADICTS). Finally, Au-
ditor Assignment routes each node to an auditor type from
{Computer, LLM, Human} based on its complexity; for
example, deterministic tool calls are assigned to C, while
high-level semantic logic is routed to H. Further imple-
mentation details and examples are provided in Sections H.1 and H.2.

The parser is a trusted component. The HDAG is itself an LLM output, so it is not trustless
and we do not claim otherwise. Across 50 traces, independent parsers agree poorly on
labels (κ = 0.19 abstraction level, κ = 0.05 auditor type; 79% of STEP labels differ), yet trace
accuracy is unchanged at 72.0% under baseline, single-parser and consensus routing, and
moves only 72.09%→72.61% when 20% of routing decisions are corrupted: a parsing error
matters only if it flips the verdict, and empirically it does not. We therefore claim TRUST
removes the single trusted auditor, not every trusted authority (Section E).

3.2 Auditing & Consensus.

To handle the diversity of complexity and reasoning types across traces, TRUST routes
each segment to the most appropriate auditor type from {Computer, LLM, Human}. This
heterogeneous auditor pool improves accuracy by matching each segment to a specialized
verifier and enhances robustness against adversarial actors because distinct auditor types
have uncorrelated failure modes, limiting the damage any single compromised actor can
cause. We formalize the consensus process across three hierarchical levels.

The computer tier is narrow. Exact arithmetic and symbolic-algebra checks fire on only 43 of
820 segments (5.2%) in our pool, at 81.5% raw accuracy; they remove cheap, high-confidence
work from the LLM and human queues rather than carry the audit (Section F).

Seat Layer. Within a segment s, each of the kt(s) auditor seats votes independently, so
individual errors do not systematically bias the aggregate verdict. Computer seats are
modeled as noiseless (ϵC = 0) since their verdicts come from deterministic formal checks,
while LLM and human seats carry non-zero error rates ϵt. Human seats may additionally
be adversarial with probability ρH, as humans can be deliberately incentivized to vote
incorrectly; we set ρC = ρL = 0. We relax both idealizations empirically in Table 2c.

Segment Layer. We define the segment pass indicator Bs = 1[#{correct votes} ≥ qt(s)],
where qt = ⌈τkt⌉ is the quorum threshold for type t; requiring a supermajority limits the
influence of erroneous or adversarial votes. The exact pass probability pt for a segment of
type t with parameters (kt, ϵt, ρt) is:

pt = Pr[Bs = 1] =
kt

∑
m=0

(
kt

m

)
ρm

t (1 − ρt)
kt−m

[
kt−m

∑
c=qt

(
kt − m

c

)
(1 − ϵt)

cϵkt−m−c
t

]
(3.1)

where m counts malicious seats that vote incorrectly and c counts correct votes cast by the
remaining kt − m honest seats.
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Figure 5: Parameters ϵC = 0, ϵL = 0.05, ϵH = 0.30, ρH = 0.1. (left) Failure probability
under the Hoeffding and Chernoff bounds vs. the exact solution of (3.2) over the trace-level
quorum β. (right) TPR, FPR and accuracy over β; the shaded band marks the quorum width
achieving accuracy above 99.99%.
Table 1: Leakage under a colluding auditor coalition that pools every segment routed to
its members; higher is worse. Token and segment recovery degrade quickly, trace ordering
much more slowly.

Colluding seats 5% 10% 15% 20% 30% 50%

Token recall 32.6 49.6 61.6 73.6 86.1 98.3
Order recall 1.7 15.1 29.1 47.6 68.7 91.2
Segment coverage 32.4 49.7 61.9 73.7 86.3 98.2

Trace Layer. To aggregate segment outcomes into a trace-level decision we assign weights
wt(s) reflecting each auditor type’s reliability, and define W = ∑S

s=1 wt(s)Bs and Wβ =

β ∑s wt(s) with β the trace-level quorum threshold. We bound Pr[W < Wβ] by the tighter of
the Hoeffding and Chernoff inequalities, which dominate in different regimes:

Pr[W < Wβ] ≤ exp

[
−2(µvote − Wβ)

2

σ2
max

]
∧ min

λ>0
exp

(
λWβ +

S

∑
s=1

ln(pse−λws + (1 − ps))

)
(3.2)

As shown in Figure 5, these bounds closely track the exact solution under representative
parameters (ϵC = 0, ϵL = 0.05, ϵH = 0.30, ρH = 0.1), so the tiered consensus mechanism
keeps trace-level confidence guarantees robust even with individual auditor fallibility.

3.3 Confidentiality-Aware Audit Infrastructure.

The confidentiality property of TRUST is an intrinsic property of its structural design rather
than an external enforcement mechanism. By decomposing the reasoning trace into an
HDAG, TRUST compartmentalizes verification so that no single crowdsourced auditor
can reconstruct the full reasoning chain. Each auditor receives only one or more atomic
segments, without access to the broader context or final conclusion, because exposing the
full trace to any individual worker risks intellectual property theft or model distillation.
Audit outcomes are recorded as verification verdicts paired with opaque segment identifiers,
providing an auditable log of completed work while keeping the underlying reasoning
content compartmentalized.

Threat model and measured leakage. We assume a coalition of a c-fraction of auditor seats,
honest-but-curious about verdicts, that pools every segment routed to any member and has
no access to platform assignment metadata. We measure recovery along three axes: token
recall, order recall (correctly recovered pairwise orderings) and segment coverage. At a 20%
coalition token recall is 73.6%—segment content is not hidden—while order recall is 47.6%,
so trace ordering and graph structure, which carry the reusable procedural knowledge a
distillation attack wants, degrade far more slowly (Table 1). TRUST therefore raises the cost
of reconstructing a usable trace; it is not a cryptographic guarantee, and leakage grows with
coalition size. The layer is also a configuration, not a requirement: for open-weight models,
publicly funded audits, and high-stakes domains where validation must dominate, it can be
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disabled so credentialed experts receive full traces, leaving routing, consensus, escalation
and incentives unchanged.

3.4 Economic Analysis

TRUST aligns auditor incentives through reputation, slashing and rewards. Each human
auditor i keeps a reputation ri(t) ∈ [0, 1], updated after every segment as ri(t + 1) =
(1 − γ)ri(t) + γ1[vote correct]; a low reputation raises the slashing probability on an incor-
rect vote, pslash(r) = pmin + (pmax − pmin)(1 − r), so persistent bad actors face escalating
penalties. With per-segment payoff R for a correct vote, −P for a slashed incorrect vote and 0
otherwise, an honest auditor’s expected payoff is µH(r) = (1 − ϵH)R − ϵHPpslash(r). These
dynamics are formalized below and confirmed empirically in Figure 9: honest auditors
accumulate high reputation and steadily increasing profit, while malicious auditors and
guessers are driven toward zero reputation and cumulative losses from repeated slashing.

Theorem 3.1 (Safety–Profitability (Informal; see Theorem I.4)). Fix horizon T, target failure
ϵtarget, and δ ∈ (0, 1). If the statistical dial satisfies µvote − Wβ ≥

√
1
2 σ2

vote ln λT
ϵtarget

and

the economic dial satisfies µmin := (1 − ϵH)R − ϵHPpmax > 0 and pmin ≥ δ
1−α , then: (a)

Safety: Pr[fail in [0, T]] ≤ ϵtarget; (b) Honest profit: Pr[Uhon(T) ≤ 0] ≤ exp(−c1Tµ2
min);

(c) Malicious loss: Pr[Umal(T) ≥ 0] ≤ exp(−c2T(δP)2) and E[Umal(T)] ≤ −λTδP.

The full derivation is given in Section I. For example, with R = 6, P = 8, pmin = 0.2,
pmax = 0.5, ϵH = 0.30 and T = 1440 segments, an honest seat earns µmin = 3.0 per segment
while a malicious seat loses E[Xmal] = −4.0; over a 24-hour window Theorem I.4 gives
failure probabilities of ≤e−204 < 10−80 (honest unprofitable) and ≤e−63.6 < 10−27 (malicious
breaking even). We emphasize that this guarantee characterizes the tolerance boundary of
the consensus rule under the modeled corruption process; it is a different quantity from the
clean-data audit accuracy of Section 4, and neither implies the other.

4 Experimental Verification

4.1 Correctness and Faithfulness.

We use 200 samples from MMLU-Pro-CoT-Train (Lab, 2024), which annotates individual
reasoning steps and final answers, letting us evaluate audits at both step and trace level.
We compare TRUST against centralized approaches: (i) single-LLM auditors (DeepSeek-R1-
8B, Qwen2.5-7B, Mistral-7B, GPT-OSS-20B, LLaMA-3B) and (ii) ensemble voting (majority,
supermajority, weighted, unanimous), stress-testing robustness by flipping 5% to 20% of
segment-level votes. At baseline TRUST achieves the highest accuracy (72.4%), above
single auditors (DeepSeek-R1-8B, 67.7%) and ensembles (majority voting, 68.7%); under
corruption all methods degrade but TRUST degrades most gracefully, staying above 63% at
20% corruption while ensembles drop below 61% and single auditors near 60%. The full
per-method sweep is plotted in Figure 1 and tabulated in Table 7 (Section H).

Expanded, label-balanced evaluation. The 200-trace set is skewed toward correct traces
(66%), so we choose the annotated pool to n = 175 traces whose added portion is close to
balanced (≈49% correct) and recomputed every method on it (Table 2a). TRUST reaches
76.6% trace accuracy (bootstrap 95% CI [70.3, 82.9]); the paired gain over a single auditor
is +18.0 points ([10.9, 25.9], p < 0.001), while the gain over the best ensemble is +2.1
points ([−10.4, 14.6]) and is not significant. On clean data a well-tuned ensemble is a
strong baseline; heterogeneous consensus pays off under corruption, correlated bias and
compromised auditors (Table 2c) and in escalation to humans (Section 4.4).

Auditor scale. To check these conclusions are not an artifact of small auditor models, we
re-ran TRUST with three backbones spanning an order of magnitude in capability (Table 2b);
the TRUST-over-single gap is positive for all three. GPT-5.1 and gpt-oss-20b agree on only
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Table 2: (a) Label-balanced evaluation (n = 175; added traces ≈49% correct vs. 66% origi-
nally), paired differences with bootstrap 95% CIs. (b) Stability across auditor backbones.
(c) Adaptive top-weight corruption at a 20% budget, and violations of the independence /
honest-seat assumptions (clean accuracy 72.1% in this harness). All numbers are trace-level
audit accuracy (%) unless noted; TRU. = TRUST, Sgl. = best single auditor, Ens. = best
ensemble, Seg. = segment-level accuracy.

(a) Label-Balanced eval (n=175) (b) Auditor backbone (c) Adaptive attack & assumptions

Acc. Paired ∆ [95% CI] Backbone TRU. Sgl. Seg. Setting TRU. Sgl. Ens.

TRUST 76.6 [70.3, 82.9] gpt-oss-20b 76.6 58.6 76.2 Random @20% 63.4 52.7 62.1
vs. single 58.6 +18.0 [10.9, 25.9]∗∗∗ qwen2.5-7b 60.2 59.4 76.1 Adaptive @20% 71.0 53.6 59.6
vs. best ens. – +2.1 [−10.4, 14.6]n.s. GPT-5.1 73.3 70.0 78.2 Corr. bias ρ=0.3 70.9 – –

1 comp. seat 69.0 20.3 19.8
2 comp. seats 29.5 20.3 19.8

∗∗∗p < 0.001 (one-sided paired test); n.s. = not significant.

53.5% of 316 compared segment verdicts, yet both land in the 73.3–76.6% trace band—
segment-level disagreement cancels at the trace level, which is what the consensus layer is
for.

Adaptive adversaries and broken assumptions. Random vote flipping is a weak threat
model, and Section 3 assumes independent, non-adversarial seats; we test both (Table 2c).
(i) Targeted attack. An attacker spending the same global budget on the highest-weight
segments first reaches 71.0% against TRUST at a 20% budget, versus 63.4% under random
flipping—targeting does not help. The reason is structural: flipping a trace verdict requires
crossing the per-trace β-quorum, which typically needs several flips inside the same trace; a
budget-constrained targeted attacker spreads its flips across high-weight segments of many
traces, whereas random flipping occasionally clusters within one trace by chance. The same
attack does hurt the 3-auditor ensemble (62.1%→ 59.6%). (ii) Correlated auditors. Raising
the intra-class correlation of auditor errors from 0 to 0.3 at a fixed mean error rate of 0.15
costs TRUST 1.2 points (72.1%→70.9%), so partial violation of independence is tolerable.
(iii) Compromised seats. With one compromised seat per segment TRUST retains 69.0% while
single-auditor and ensemble baselines collapse to 20.3% and 19.8%; with two, TRUST also
fails (29.5%). Under this configuration TRUST buys one seat of Byzantine tolerance, not
unconditional robustness.

Output-Based Auditing is Insufficient. As shown in Table 3, output-only evaluation
drops accuracy by 18% to 47% across all models compared to full-CoT auditing, confirming
that correct final answers often mask flawed reasoning that only semantic auditing can
detect.

Table 3: Baseline accuracy under Full-CoT vs. Output-Based evaluation.

TRUST R1-8B Qwen-7B Mistral-7B R1-1.5B OSS-20B LLaMA-3B

Full-CoT 72.4 67.7 67.4 66.8 64.1 63.8 52.1
Output-Based — 36.0 34.0 20.0 22.0 46.0 34.0

4.2 Comparison with Blind Per-Step Auditing.

Table 4: TRUST vs. RAudit-style blind
per-step auditing, on the 80 traces the
two settings share. Accuracy in %.

Method Trace Seg.

TRUST 71.2 81.0
RAudit-style blind 48.8 54.8

∆ +22.5 +26.2

The closest prior protocol for confidentiality-
aware reasoning audit is RAudit (Chang & Geng,
2026), which distributes individual reasoning
steps to auditors without dependency context. To
isolate the contribution of contextual routing plus
consensus, we re-implement RAudit-style blind
step auditing and evaluate both on the 80 traces
the two settings share. TRUST reaches 71.2% trace
and 81.0% segment accuracy against 48.8% and
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54.8% (Table 4); the +22.5 point trace-level gap
indicates that showing an auditor a step’s verified dependencies and implications, rather
than the step in isolation, is where most of the benefit of decomposition lies (details in
Section H).

4.3 Bias Mitigation.

Table 5: Bias benchmark (200 questions, 4 domains): segment-verdict accuracy in % on
model-generated CoT, not comparable to the trace-level accuracies of Table 2. Bias score
= (self-approval)−(other-approval); positive = favoritism, negative = criticism. “–” marks
auditors that did not evaluate their own family’s traces, for which the score is undefined.

Crowd. Ensemble Single LLM auditors Sgl.

TRUST Super. Major. Weight. GPT-OSS
20B

Qwen
7B

DS-R1
1.5B

Llama
3B

Mistral
7B

DS-R1
8B avg.

Acc. (%) 34.1 30.5 26.8 16.9 60.9 38.4 21.9 16.2 15.9 15.2 28.1
Bias – – – – +44.4 – −11.3 – – – +5.5

Auditing systems are vulnerable to bias, where auditors may favor reasoning traces pro-
duced by their own model family or penalize outputs from competing models. This creates
two common failure modes: (i) self-favoritism, where a model systematically approves its
own reasoning, and (ii) self-criticism, where a model disproportionately rejects its own
outputs.

TRUST is designed to mitigate such bias through three architectural features: (1) Segment-
level decomposition, which breaks reasoning traces into atomic units; (2) Multi-tier consensus,
combining human, LLM, and automated auditors; and (3) Anonymous evaluation, hiding the
source model of each segment.

We construct a benchmark of 200 questions across four domains. For each, CoT traces from
DeepSeek-R1-1.5B and GPT-OSS-20B are evaluated under three regimes: single auditors,
ensemble auditors, and TRUST. In Table 5, single auditors vary in accuracy (15.2–60.9%)
but show bias (avg. +5.5). Ensembles remove bias but perform poorly (16.9–30.5%). TRUST
attains the best accuracy among bias-free methods (34.1%, vs. 16.9–30.5% for ensembles and
a 28.1% single-auditor average). GPT-OSS-20B posts the highest raw number (60.9%) but
carries a +44.4 self-favoritism score: much of that accuracy comes from approving its
own traces, so it is not a usable auditor for a pool containing its own outputs. Absolute
accuracies are low for every method here—model-generated traces with no step-level gold
annotation—so the comparison of interest is the accuracy/bias trade-off within the table,
not the level.

4.4 Human Experiment on Three-Tier Auditing with TRUST Variants

Table 6: Human Experiment on Three-Tier Auditing. Performance comparison across single
LLM auditors, centralized human auditing, and TRUST variants. 30 Computer Science
students audited 30 GSM8K math problems with CoT traces from DeepSeek-R1-8B and
GPT-OSS-20B. Metrics are F1 score (higher better) and Brier score (lower better). Single
LLMs perform poorly; a centralized human audit reaches F1=0.85. TRUST w/ HDAG is
modestly higher on F1 (0.89) and substantially better calibrated (Brier 0.074 vs. 0.21). TRUST
variants using random or fixed-length segmentation show degraded performance (F1=0.40),
indicating that hierarchical decomposition, not segmentation per se, is what carries the gain.

Metric Single LLM Auditors TRUST Variants

DeepSeek
R1-8B

Qwen2.5
7B

Mistral
7B

DeepSeek
R1-1.5B

GPT-OSS
20B

LLaMA
3B

Human
Audit

TRUST w/
HDAG

TRUST w/
Random Seg

TRUST w/
Fix Seg (Short)

TRUST w/
Fix Seg (Long)

F1 0.50 0.50 0.50 0.40 0.50 0.30 0.85 0.89 0.40 0.40 0.40
Brier Score 0.500 0.486 0.500 0.500 0.544 0.890 0.21 0.074 0.49 0.49 0.49

We recruited 30 computer science students as human auditors (example in Section H.3) and
built a benchmark of 30 math problems from openai/gsm8k (Cobbe et al., 2021b), with CoT

9



Published as a conference paper at COLM 2026

traces from DeepSeek-R1-8B and GPT-OSS-20B. Auditors worked within TRUST alongside
LLM and automated auditors; we compare against single-LLM auditors and a centralized
human-only audit. Table 6 reports F1 and Brier scores. Single LLM auditors perform poorly
when handed a whole trace to audit. Centralized human auditors achieve substantially
stronger results (F1 = 0.85, against 0.50 for the best single LLM) and require approximately
1.4 minutes per trace on average (medium < 1 minute). They remain time-consuming,
however, and susceptible to systematic bias and malicious behavior. In contrast, TRUST
achieves a modestly higher F1 of 0.89 and a substantially lower Brier score of 0.074 against
0.21. The asymmetry matters: the accuracy gain over a human-only audit is small, whereas
the calibration gain is large, and calibration is what makes an audit verdict usable down-
stream. We read this as feasibility and calibration evidence for the multi-tier design rather
than a domain-general deployment study: it covers grade-school mathematics with student
auditors, with no human study in the medical, legal or financial domains that motivate
Section 1. For the TRUST variants (all using GPT-OSS-20B), random segmentation breaks
the CoT at random between 2–6 sentences, fixed-short into two sentences per segment, and
fixed-long into 5–7.

Human escalation is the high-stakes configuration. Since 76.6% is not sufficient for
autonomous high-stakes use, we measure the accuracy–effort trade-off directly: escalating
the top 10% most uncertain segments to the human tier raises trace accuracy to 74.42%, and
30% raises it to 77.52%. This is the intended deployment mode wherever human oversight
exists—TRUST does not replace the human auditor, it decides which 10–30% of a trace
deserves one.

5 Conclusion

We introduce TRUST, a crowdsourcing framework for auditing Large Reasoning Model
traces that addresses robustness, scalability and IP-confidentiality. It integrates an HDAG
decomposition of CoT reasoning, a multi-tier consensus mechanism routing verification to
automated checkers, LLMs and human experts by complexity, and a confidentiality-aware
infrastructure exposing only atomic segments per auditor. Its advantage is largest where
centralized auditing is weakest—under random and adaptive corruption, correlated bias
and compromised seats, where single auditors and ensembles fall to chance while TRUST
retains 69.0%; on clean data its margin over a strong ensemble is small and not statistically
significant. TRUST thus establishes crowdsourced semantic auditing as a pathway toward
accountable reasoning-AI deployment—not as an autonomous certifier, but as a mechanism
deciding which fraction of a trace deserves scarce human attention, while keeping the
audit robust to any single auditor’s failure. The directions that follow most directly are an
auditable parser and prompt-injection hardening (Section D).

Limitations. Two components of TRUST remain trusted: the HDAG parser is an LLM
whose labels are unstable—independent parsers reach only κ = 0.19 on abstraction level
and κ = 0.05 on auditor type, and 79% of STEP labels differ—so Section E establishes
that the trace verdict is insensitive to that instability rather than that the graph is correct;
and the confidentiality layer is weaker than a cryptographic guarantee, with token recall
reaching 73.6% once a fifth of the auditor seats collude (Table 1). The empirical case is also
narrower than the framing of Section 1. At 76.6% trace accuracy TRUST is not adequate
for autonomous use in medicine, law or finance, where the appropriate configuration is
human escalation (Section 4.4) with confidentiality disabled and credentialed experts given
full traces; our human evidence is 30 computer science students on 30 GSM8K problems,
which supports feasibility and calibration but says nothing about how domain experts
would behave; and although we relax independence to ρ = 0.3 and test compromised seats,
computer seats are still modeled as noiseless and LLM seats are never tested against prompt
injection—the very attack we cite as motivation, and the most important experiment we
have not run. Finally, Section C covers only the automated tier and the incentive dynamics of
Section 3.4 are simulated, so strategic adaptation by real participants remains unobserved.
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Ethics Statement

TRUST provides confidentiality for the provider’s proprietary reasoning logic. It does not
protect end-user data: a trace containing personal information remains exposed to whichever
auditor receives the segment carrying it, so deployments on user-facing traces require
separate safeguards. The confidentiality layer is optional and must never take precedence
over audit quality; Sections 3.3 and 5 state the configuration we would defend in high-stakes
domains. Reputation and slashing run on a conventional database by default, since an
on-chain instantiation would add material energy consumption and carbon footprint for a
benefit that a permissioned append-only log already provides.
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A Impact Statement

This paper advances the auditing and verification of LLM reasoning, with the primary goal
of improving transparency, accountability, and safety of AI systems deployed in high-stakes
domains such as healthcare, law, and finance. The TRUST framework contributes to the
trustworthiness of reasoning AI by enabling scalable, confidentiality-aware semantic audits
that support emerging regulatory requirements for explainable AI oversight. We stress
that TRUST is an oversight aid rather than a certification mechanism: at the accuracies
reported here it is not a substitute for qualified human review in safety-critical decisions,
and presenting a TRUST verdict to end users as a guarantee of correctness would overstate
what the system establishes.

B The Use of Large Language Models (LLMs)

For manuscript preparation, this paper used Large Language Models exclusively as language-
polishing tools: general proofreading and writing assistance, analogous to grammar check-
ers. They did not originate research ideas, generate scientific content, produce data or plots,
or perform any evaluation reported here. For the research itself, LLMs are components and
subjects of the system rather than authoring tools: they generate the reasoning traces under
audit, construct the HDAG (Section H.1), and serve as one of the three auditor tiers. All
such uses are described in Sections 3 and 4 and in the appendices, and the prompts are
released with the code.

C Latency Analysis

In Figure 6, we present a latency analysis decomposing TRUST’s overhead into constituent
components and comparing it against centralized baselines.
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Figure 6: End-to-end latency analysis of TRUST. (Left) Breakdown of latency components
for an average of 100 math problems. (Right) Comparison of total audit latency against
centralized baselines.

Scope and Limitation. The latency figures reported here cover only the automated pipeline
components: HDAG construction, segment routing, LLM auditing, and consensus aggrega-
tion. They do not include human auditor response time. In practice, when TRUST routes
high-complexity segments to human auditors, end-to-end latency is bottlenecked by human
response time rather than the automated components shown here. We therefore interpret
Figure 6 as characterizing the latency of the automated tier only. Incorporating realistic
human latency distributions into end-to-end latency modeling is an important direction for
future work.
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D Future Work

We identify four directions for extending TRUST. First, we will develop richer HDAG de-
composition methods and adaptive auditor assignment strategies that leverage task-specific
expertise, and in particular a parser whose output is itself auditable rather than merely
verdict-stable. Second, we will harden the LLM auditor tier against prompt injection and
against auditors that optimize for agreement with the consensus rather than for correctness;
both are attacks that our current corruption model does not capture. Third, we plan to
extend the framework to multi-agent settings, including cross-model reasoning consistency
verification. Finally, the reputation, slashing and reward accounting described in Section 3.4
runs on a conventional database in our default configuration, and we treat that as the de-
ployment target. A distributed ledger is one optional instantiation—segment commitments
map to on-chain hashes, quorum voting to contract logic, reputation-weighted slashing to
token incentives—but it is not required by the method, and we do not recommend it by
default: it adds material energy consumption and carbon footprint in exchange for public
verifiability of the audit log, a property a permissioned append-only log already provides
at far lower environmental cost. Should such a deployment be pursued, benchmarking
its cost-effectiveness should include an explicit energy and carbon accounting alongside
latency and throughput.

E HDAG Parser Quality and Verdict Robustness

The HDAG is constructed by an LLM, so the graph on which every downstream audit
operates is itself a model output. This section reports what we can and cannot say about it.

Protocol. We parse the same 50 reasoning traces with independent parsers spanning two
model families and scales (an open-weight 20B model and GPT-5.1), under three routing
modes: baseline (the routing shipped with the main experiments), single-parser (all segments
routed by one parser’s assignment), and consensus (assignment by agreement across parsers).
We additionally rerun a single parser three times at fixed decoding settings, and separately
corrupt a fraction of routing decisions at random.

Parsers disagree at the label level. Inter-parser agreement is low: Cohen’s κ = 0.19 for
the abstraction level assigned to a segment and κ = 0.05 for the auditor type, and 79% of
STEP-level labels differ between parsers. We do not claim the parser is accurate, and we
have no gold HDAG annotation against which accuracy could be defined.

The trace verdict does not move. Despite that disagreement, trace-level audit accuracy is
72.0% under all three routing modes, three reruns of a single parser produce zero variance in
the trace verdict, and randomly corrupting 20% of routing decisions changes trace accuracy
only from 72.09% to 72.61% (the direction of the change is within noise). The explanation is
that a parsing error is consequential only if it changes which side of the per-trace β-quorum
a trace falls on; most re-labelings move a segment between auditor tiers that reach the same
verdict, and the quorum absorbs the rest.

Scope of the claim. These results support the claim that TRUST’s output is robust to parser
variation across model scales and families. They do not support a claim that the framework
is trustless: a parser that systematically mis-segments in a correlated way—for instance, one
adversarially prompted to hide a particular class of error inside a single high-level node—is
outside the variation we sampled here. We accordingly say “no single trusted auditor” rather
than “no central trusted authority” throughout.

F Computer-Auditor Tier

The computer tier applies deterministic checks—exact arithmetic and symbolic algebra
verification—to segments whose content admits them. It is deliberately narrow. On the
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current trace pool it fires on 43 of 820 segments (5.2%), and its raw accuracy against the
existing segment labels is 81.5%; the residual error is dominated by segments where the
extracted expression is a faithful check of a mis-stated quantity, which a formal checker
cannot detect. Semantic correctness is therefore established by the LLM and human tiers,
and the computer tier’s role is to remove cheap, high-confidence work from their queue
rather than to carry the audit.

G More Related Works

G.1 Chain-of-Thought Reasoning

Exposing intermediate reasoning steps, popularized by Chain-of-Thought (CoT) prompt-
ing (Wei et al., 2022), has become a cornerstone for enhancing the capabilities of Large
Language Models (LLMs) (Kojima et al., 2022; Wang et al., 2022; Nye et al., 2021; Zhou
et al., 2022; Zelikman et al., 2022). However, this paradigm has rapidly evolved, and the
resulting complexity and length of reasoning traces present a critical, unsolved challenge
for verification (Lightman et al., 2023; Jacovi et al., 2024; Ling et al., 2023; Chen et al., 2025).
Initial research focused on eliciting reasoning and moving beyond simple linear chains to
more structured representations (Creswell et al., 2022; Zhou et al., 2022; Besta et al., 2024;
Chen et al., 2022). For instance, Tree-of-Thoughts (ToT) generalized CoT to a tree search,
enabling explicit exploration and backtracking within the reasoning process (Yao et al.,
2023a). Concurrently, a parallel line of work enabled models to offload complex calculations
and external queries to tools, separating logical deduction from information retrieval (Schick
et al., 2023; Yao et al., 2023b; Gao et al., 2023; Nakano et al., 2021). More recent efforts have
focused on Large Reasoning Models (LRMs) that treat reasoning as a primary objective,
allocating substantial computational resources to the process (Jaech et al., 2024; Guo et al.,
2025; NVIDIA et al., 2025). These models are trained with large-scale reinforcement learn-
ing from process-level feedback and employ verifiers to guide multi-path search during
inference (Huang & Chang, 2022). Despite these advances in generating sophisticated rea-
soning, the mechanisms for auditing these processes in a scalable, privacy-preserving, and
decentralized manner have remained largely unexplored (Peng et al., 2025). In this paper,
we address this gap by introducing a framework that decomposes complex reasoning traces
into auditable graphs (HDAGs) and leverages a decentralized network for verification,
making it suitable for the proprietary and intricate nature of modern LRMs.

G.2 Auditing and Evaluation of LLM Reasoning

As the complexity of reasoning in LLMs increases, methods for auditing its quality, faithful-
ness, and safety have become a critical area of research (Liang et al., 2022; Lanham et al., 2023;
Wondra, 2025). A broader treatment of LLM auditing methodology situates this challenge
across model, application, and governance layers (Mökander et al., 2024), providing useful
context for understanding where reasoning-trace auditing sits within the wider auditing
landscape. An initial and widely adopted approach relies on a centralized “LLM-as-a-judge,”
which, while scalable, is known to suffer from inherent biases and constitutes a single point
of failure (Zheng et al., 2023). A significant advancement was the shift from auditing fi-
nal outcomes to verifying the reasoning process itself, primarily through Process Reward
Models (PRMs) that provide step-by-step supervision (Lightman et al., 2023; Uesato et al.,
2022; Khalifa et al., 2025). The limitations of this approach were subsequently highlighted
by the discovery of unfaithful reasoning, where models generate plausible-looking steps
that do not reflect their true decision-making process (Turpin et al., 2023); recent work
on structural causal frameworks further sharpens this distinction by providing a causal
account of faithfulness in LLM agents (Khanzadeh, 2026), complementing consensus-based
semantic consistency checks with a principled notion of faithfulness auditing. More recently,
research has expanded to address service-level integrity in opaque commercial settings,
including work on detecting model substitution and using cryptographic methods to verify
inference integrity (Shi et al., 2024; Cai et al., 2025; Pasquini et al., 2025; South et al., 2024).
For example, CoIn audits “invisible” reasoning tokens via hash trees over embeddings,
ensuring providers do not inflate billing without revealing proprietary content (Sun et al.,
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2025). Closest to our privacy goals, RAudit proposes a blind auditing protocol for LLM
reasoning that conceals trace content from auditors (Chang & Geng, 2026); while RAudit
focuses on the privacy protocol design, TRUST contributes complementary machinery:
hierarchical trace decomposition, heterogeneous crowdsourced consensus, and theoretically-
grounded economic incentives that together ensure both scalability and auditor integrity.
None of these works offer a unified framework for scalable semantic auditing that combines
crowdsourced consensus to mitigate bias with economic guarantees to secure the auditor
network. TRUST synthesizes these needs by performing process-level semantic auditing on
partial traces, using a multi-tier crowdsourced auditor pool for robustness, and grounding
network security in formal economic guarantees.

G.3 Decentralized Consensus and Privacy-Preserving Verification

Building systems that ensure integrity and privacy without a central trusted party has
a long-standing foundation in decentralized consensus, cryptography, and confidential
computing (Castro et al., 1999; Sabt et al., 2015; Costan & Devadas, 2016). These technologies
provide the essential primitives for building auditable systems for proprietary models,
where model internals and user data must remain confidential. Foundational work estab-
lished Byzantine Fault Tolerant (BFT) consensus for robust agreement and public ledgers for
tamper-evident records (Castro et al., 1999; Wood et al., 2014; Yin et al., 2019), while Trusted
Execution Environments (TEEs) provided hardware-based confidential compute (Sabt et al.,
2015). A prominent line of recent research focuses on applying these primitives directly
to language models, particularly using Zero-Knowledge Proofs (ZKPs) to create verifiable
attestations of model inference without revealing the model’s weights (Chen et al., 2024; Liu
et al., 2021; Ghodsi et al., 2017). Specifically, zkLLM (Sun et al., 2024) introduced special-
ized cryptographic techniques to efficiently prove the correctness of attention mechanisms,
demonstrating that even complex transformer computations can be cryptographically ver-
ified. Another approach uses TEEs to run auditable safety benchmarks on proprietary
models, publishing hardware-signed attestations to a public log to prove that a specific
model version passed certain tests (Schnabl et al., 2025). While this work is crucial for
verifying that a specific computation was performed correctly by a specific model, it does
not address the orthogonal problem of verifying the semantic quality, faithfulness, and safety
of the reasoning trace through a scalable, human-in-the-loop consensus process. Our work
provides a novel synthesis by using a public ledger and consensus not just for recording out-
comes, but for orchestrating a decentralized, multi-tier network of auditors and managing
economic incentives, creating the first system designed for end-to-end semantic auditing of
model reasoning.

H Experimental Details

Table 7 tabulates the full per-method corruption sweep plotted in Figure 1.

H.1 Implementation Details for Constructing HDAG

This section provides the LLMs instruction of our auto data processing framework for
creating the HDAG.

H.1.1 Step 1: Abstract Level Identification.

Below are the instructions for identifying different abstraction levels.

You are an abstraction level identification agent. Decompose a reasoning trace into:
- GOAL: Problem statement / objective
- STRATEGY: High-level approach
- TACTIC: Specific methods / key insights
- STEP: Individual reasoning moves
- OPERATION: Atomic calculations

Extract EXACT text spans. Preserve all math notation and line breaks.
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Table 7: Performance comparison of TRUST (crowdsourcing) vs. centralized approaches
across corruption rates. Best is bold, second-best is underlined. Metric: trace-level binary
audit accuracy (%) on n = 200 annotated MMLU-Pro-CoT-Train traces under random
segment-verdict corruption; mean± s.d. over runs. Table 2a reports the same protocol on
the expanded, label-balanced set.

Category Method Baseline 5% Corr. 10% Corr. 15% Corr. 20% Corr.

Crowdsourcing TRUST 72.4±0.0 70.2±1.8 67.5±2.6 65.8±3.0 63.4±3.8

Centralized

Ensemble Models

Majority Voting 68.7±0.0 66.8±0.4 64.9±0.7 63.4±0.9 61.4±1.1
Supermajority 68.7±0.0 66.8±0.5 65.0±0.7 63.2±0.9 61.2±0.9
Weighted Voting 68.1±0.0 66.4±0.6 64.5±0.7 62.7±1.1 60.9±0.9
Unanimous 45.6±0.0 46.1±0.6 46.5±0.9 46.8±1.1 47.4±1.0

Single Models

DeepSeek-R1-8B 67.7±0.0 65.9±0.5 64.2±0.7 62.5±0.8 60.5±1.0
Qwen2.5-7B 67.4±0.0 65.7±0.6 64.1±0.7 62.1±0.9 60.5±1.0
Mistral-7B 66.8±0.0 65.2±0.6 63.6±0.8 61.8±1.1 60.1±1.1
DeepSeek-R1-1.5B 64.1±0.0 62.9±0.5 61.2±0.8 59.7±1.1 58.5±0.8
GPT-OSS-20B 63.8±0.0 62.5±0.6 60.9±0.7 59.7±1.1 58.4±1.0
LLaMA-3B 52.1±0.0 51.9±0.6 51.7±0.7 51.4±1.0 51.3±1.1

Input: ## Problem Statement / ## Thinking Process / ## Final Output
Output: ## [LEVEL] blocks + # Block Structure JSON summary

H.1.2 Step 2: Segment Within Each Abstraction Level.

Below are the instructions for segmenting within each abstraction level.

You are a reasoning segmentation agent. Break each abstraction block into verifiable
↪→ segments.

Rules per level:
- GOAL: one complete statement per segment
- STRATEGY: one complete approach per segment
- TACTIC: break at technique boundaries
- STEP: one inference per segment
- OPERATION: one calculation per segment

Each segment includes:
- segment_id (G1, S1, T1, ST1, O1, ...)
- content (exact text)
- type
- summary (3-5 words)
- complexity (Low / Medium / High)

H.1.3 Step 3: Extract Relationships.

Below are the instructions for extracting relationships.

You are a semantic relationship analysis agent. Identify edges between segments:
- decomposes_to: higher abstraction level breaks into lower
- depends_on: logical prerequisite (A must hold for B to be valid)
- enables: A makes B possible
- validates: A confirms or verifies B
- exemplifies: A is a concrete instance of B
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- refines: A adds detail or precision to B

Output: Hierarchical / Lateral / Support relationship lists + JSON summary with
fields: from_segment, to_segment, relationship_type, strength, explanation.

H.1.4 Step 4: Assign Auditor Types.

Below are the instructions for assigning auditor types.

You are an auditor assignment agent. Assign to each segment:
- T_Auto: math calculations, formal logic, deterministic checks
- T_LLM: semantic coherence, factual accuracy, strategy assessment
- T_Human: ambiguous interpretation, domain expertise, high-stakes validation

Specify primary + secondary auditors with justification per segment.
Output: per-segment assignments + auditor distribution table + multi-auditor JSON.

H.1.5 Step 5: Refine and HDAG Construction.

Below are the instructions for refining and constructing the HDAG.

You are an HDAG construction agent. Synthesize all prior analyses into a final graph.

Validate:
- Acyclicity: no circular dependencies
- Connectivity: all nodes reachable from root
- Completeness: all reasoning preserved
- Auditability: each node has clear verification criteria

Output: finalized nodes + edges (with confidence scores) + verification flow
+ complete HDAG JSON with fields: nodes, edges, metadata.
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H.2 HDAG Example

Problem: Alec is running for Class President. He thinks that if he can get
↪→ three-quarters of the class to vote for him then there is no chance anyone else
↪→ can beat him. Half of the class have already said they will vote for him but out
↪→ of the remaining students, only 5 have said they are thinking about voting for
↪→ him. He surveys the students who are thinking about voting for someone else, and
↪→ changes his flyers to reflect the issues these students are concerned about. This
↪→ results in a fifth of these students saying they'll vote for him. If Alec's class
↪→ has 60 students and everyone who said they will vote for him does so, how many
↪→ more votes does Alec need to reach his goal number of votes?
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Figure 7: HDAG Example from Deepseek-R1-8B CoT.
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H.3 Human-Friendly Audit Example

To illustrate how human auditors interact with TRUST, we walk through a representative
audit case. Each segment is presented with four components: the prompt context (original
problem), dependencies (verified prior steps), current reasoning (the step under evaluation),
and logical implications (consequences that follow).

85.7%

14.3%

Accept Reject

Figure 8: Human Audit Results.

Prompt Context. Martha needs 4 cups of berries
and 2 cups of heavy cream per quart of ice cream.
She wants 1 quart each of strawberry and rasp-
berry. Strawberries cost $3.00 per 2-cup package,
raspberries $5.00 per 2-cup package, and heavy
cream $4.00 per 4-cup container. What is the
total cost?

Verified Dependency (S1). Each quart requires
4 cups of berries and 2 cups of cream; she is
making two quarts total.

Current Reasoning (T1). For two quarts com-
bined: 2 × 4 = 8 cups of berries and 2 × 2 = 4
cups of cream are needed.

Logical Implication (T3). Eight cups of berries
at 2 cups per package requires 8 ÷ 2 = 4 pack-
ages total.

Self-Verification (ST1). Two quarts require 8
cups berries and 4 cups cream. Confirmed correct.

Human auditors evaluate each segment for logical consistency, mathematical accuracy,
completeness, and clarity.

Ground Truth: Pass ✓. The step correctly doubles per-quart requirements, performs
accurate arithmetic, and is confirmed by self-verification.
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H.4 Datasets

We evaluate TRUST on two datasets spanning multiple domains following recent sur-
veys Tan et al. (2024).

Primary Dataset. MMLU-Pro-CoT-Train (UW-Madison-Lee-Lab, 2024) provides 200 sam-
ples with ground-truth annotations for individual reasoning steps and final answers across
technical domains (engineering, mathematics, physics, chemistry, biology, and computer
science), enabling evaluation at both step and trace levels.

Multi-Domain Bias Evaluation Dataset. We curate 300 questions (50 per domain) from
established HuggingFace datasets across six domains: Medical (medmcqa, (Pal et al., 2022))
covering clinical diagnosis and treatment; Mathematics (gsm8k, (Cobbe et al., 2021a)) cov-
ering multi-step arithmetic and algebra; Science (sciq, (Johannes Welbl, 2017)) covering
physics, chemistry, and biology; Common Sense (commonsense_qa, (Talmor et al., 2019))
covering everyday reasoning and social knowledge; Humanities (squad, (Rajpurkar et al.,
2016)) covering reading comprehension and factual inference; and a Human Evaluation
Subset of 10 math problems from gsm8k used in human-in-the-loop experiments with 30
PhD-level auditors. All samples undergo ground-truth verification, format consistency
checking, and deduplication.

I Theoretical Results
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Figure 9: Simulation of the incentive layer of Section 3.4; same parameters as Figure 5.
(left) Reputation separates honest auditors from malicious and random-guessing seats
over rounds. (right) Profit curves diverge: honest auditors earn increasing rewards while
malicious seats accumulate losses from repeated slashing.

I.1 Consensus: Seat, Segment, and Trace Layers

We provide the theoretical foundations of TRUST by analyzing statistical safety against
malicious auditors and economic incentive/disincentive guarantees across three hierarchical
layers.

Seat Layer. Within a segment s, each of the kt(s) seats votes independently, so that individ-
ual errors do not systematically bias the aggregate verdict. Computer seats are noiseless;
LLM and human seats carry error rate ϵt > 0; and human seats may be adversarial with
probability ρH, since humans—unlike computers or LLMs—can be deliberately incentivized
to vote incorrectly.

Segment Layer. To decide whether a segment passes, we define the segment pass indicator
Bs = 1[#{correct votes} ≥ qt(s)], where qt = ⌈τkt⌉ is the quorum threshold for type t.
Requiring a supermajority limits the influence of erroneous or adversarial votes. The exact
pass probability ps = Pr[Bs = 1] is derived in Theorem I.1 below.

27



Published as a conference paper at COLM 2026

Trace Layer. To aggregate segment outcomes into a single trace-level decision, we assign
reliability weights wt(s) to each segment type and define the weighted pass sum W =

∑S
s=1 wt(s)Bs and the trace-level quorum Wβ = β ∑s wt(s), where β ∈ (0, 1) is the pass

threshold. The trace fails if W < Wβ. We bound this failure probability using the tighter of
Hoeffding and Chernoff inequalities, as formalized in Theorem I.2.

We now derive the exact segment pass probability.

Lemma I.1 (Exact Pass Probability). For a segment of type t with parameters (kt, ϵt, ρt),
where ρC = ρL = 0, the pass probability is

pt = Pr[Bs = 1] =
kt

∑
m=0

(
kt

m

)
ρm

t (1 − ρt)
kt−m

kt−m

∑
c=qt

(
kt − m

c

)
(1 − ϵt)

cϵkt−m−c
t , (I.1)

where m counts adversarial seats that vote incorrectly and c counts correct votes among the
remaining kt − m honest seats.

Proof. We first draw m ∼ Binomial(kt, ρt) adversarial seats, all of whom vote incorrectly.
Among the remaining kt − m honest seats, we then count c ∼ Binomial(kt − m, 1 − ϵt)
correct votes. The segment passes iff c ≥ qt; summing over all m gives the result.

Trace-Level Moments. Since Bs ∼ Bernoulli(ps) are independent with weights ws = wt(s),
the mean and variance of W are

µvote = E[W] =
S

∑
s=1

ws ps, (I.2)

σ2
vote = Var(W) =

S

∑
s=1

w2
s ps(1 − ps) ≤

S

∑
s=1

w2
s =: σ2

max. (I.3)

We use σ2
max as a conservative variance upper bound throughout.

Proposition I.2 (Hoeffding–Chernoff Bound). For trace-level quorum Wβ = β ∑s ws,

Pr[W < Wβ] ≤ exp
[
−2(µvote − Wβ)

2/σ2
max

]
︸ ︷︷ ︸

Hoeffding

∧ min
λ>0

exp
(

λWβ +
S

∑
s=1

ln(pse−λws + 1 − ps)
)

︸ ︷︷ ︸
Chernoff

.

(I.4)

Taking the minimum of the two bounds is tighter because Hoeffding dominates when β is
near µvote while Chernoff dominates in the tails.

Proof. For the Hoeffding bound, each summand Xs := wsBs satisfies 0 ≤ Xs ≤ ws. Applying
Hoeffding’s inequality to ∑s(Xs − EXs) with range sum σ2

max yields the first term. For the
Chernoff bound, for any λ > 0,

Pr[W < Wβ] ≤ eλWβ E[e−λW ] = eλWβ

S

∏
s=1

(
pse−λws + (1 − ps)

)
,

using independence of the Bs. Minimizing over λ > 0 gives the second term.

I.2 Economic Layer: Reputation, Rewards, and Slashing

Notation. We collect the key symbols used throughout this section in Table 8. For con-
venience: R is the per-segment reward for a correct vote; P is the penalty when slashed;
ϵH is the honest human error rate; δ ∈ (0, 1) is a design constant controlling the minimum
guaranteed loss per malicious seat; λ is the segment arrival rate (segments per unit time); T
is the time horizon; and NT ∼ Poisson(λT) is the random number of segments audited in
[0, T].
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Reputation Update. Each human seat i maintains a reputation score ri(t) ∈ [0, 1], updated
after every segment via

ri(t + 1) = (1 − γ) ri(t) + γ 1[vote correct], γ ∈ (0, 1]. (I.5)

The parameter γ controls how quickly reputation adapts to recent behavior: small γ gives a
long memory while large γ reacts quickly to the most recent vote.

Reputation-Weighted Slashing. A low reputation should carry a higher risk of being
penalized, to deter persistent misbehavior. We therefore define the slashing probability on
an incorrect vote as

pslash(r) = pmin + (pmax − pmin)(1 − r), 0 < pmin < pmax ≤ 1, (I.6)

which decreases linearly from pmax at r = 0 to pmin at r = 1.

Per-Segment Payoff. The net payoff Xi ∈ {−P, 0, R} for seat i on one segment is R for
a correct vote, −P for an incorrect vote that triggers slashing, and 0 for an incorrect vote
without slashing. With honest error rate ϵH, the expected payoff at reputation r is

µH(r) := E[Xi] = (1 − ϵH)R − ϵHP pslash(r). (I.7)

Computer and LLM seats produce verifiable outputs and are therefore omitted from incen-
tive analysis.

Variance and Range Bounds. To apply Bernstein-type moment-generating function (MGF)
inequalities later, we need two constants. The range bound b on the centered increment
Yi := Xi − E[Xi] is set conservatively to

b := R, (I.8)

since the largest positive realization of Xi is R. The variance bound is the supremum of
Var[Xi] over all reputation states:

σ2
H := sup

r∈[0,1]

[
(1 − ϵH)R2 + ϵH pslash(r)P2 − µH(r)2

]
. (I.9)

These worst-case constants make the subsequent tail bounds reputation-agnostic, so they
hold uniformly over all auditor histories.

Lemma I.3 (MGF of a Bounded Centered R.V.). Let W satisfy E[W] = 0, Var(W) = σ2, and
W ≤ b a.s. with b > 0. Then for any θ ∈ (0, 3/b),

E[eθW ] ≤ exp
( θ2σ2

2(1 − θb/3)

)
.

Proof. Follows from the standard Bernstein–Bernoulli MGF expansion; omitted for brevity.

Theorem I.4 (Safety–Profitability Guarantee). Fix horizon T > 0, target failure probability
ϵtarget ∈ (0, 1), and design constant δ ∈ (0, 1). The system is governed by two tunable dials.
The statistical dial controls how reliably the trace-level quorum is met. Let µvote := E[W]
and σ2

vote := sup Var(W) for one trace. Require the margin between the expected weighted
pass sum and the quorum threshold to satisfy

µvote − Wβ ≥
√

1
2 σ2

vote ln λT
ϵtarget

. (S1)

The economic dial controls auditor incentives. Choose (R, P, pmin, pmax) so that the mini-
mum expected payoff for an honest seat is strictly positive and the minimum slashing rate
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is large enough to guarantee malicious losses:

µmin := (1 − ϵH)R − ϵHPpmax > 0, pmin ≥ δ

1 − α
, α :=

Ppmax

R + Ppmax
. (E1)

Under conditions (S1) and (E1), the following three guarantees hold simultaneously.
(a) Statistical safety. Pr[trace fails in [0, T]] ≤ ϵtarget.
(b) Honest profitability. The cumulative payoff Uhon(T) := ∑NT

i=1 Xi of an honest seat
remains positive with overwhelming probability:

Pr[Uhon(T) ≤ 0] ≤ exp
[
−

λT µ2
min

2σ2
H + 2

3 b µmin

]
. (I.10)

(c) Malicious loss. The cumulative payoff Umal(T) of a malicious seat is negative in expec-
tation and remains non-negative only with exponentially small probability:

Pr[Umal(T) ≥ 0] ≤ exp
[
− λT (δP)2

2σ2
H + 2

3 b δP

]
, E[Umal(T)] ≤ −λT δP. (I.11)

Proof. Let NT ∼ Poisson(λT) denote the random number of segments audited in [0, T].

(a) Statistical Safety. A single trace’s weighted pass sum W satisfies E[W] = µvote and
Var(W) ≤ σ2

vote. Applying Theorem I.2 with a = µvote − Wβ,

pfail := Pr[W < Wβ] ≤ exp
(
−2(µvote − Wβ)

2/σ2
vote

)
.

Condition (S1) ensures the exponent is at most − ln(λT/ϵtarget), so pfail ≤ ϵtarget/(λT).
Since traces arrive as a Poisson process, a union bound over E[NT ] = λT traces gives

Pr[any trace fails in [0, T]] ≤ λT · pfail ≤ ϵtarget.

(b) Honest Profitability. We bound the probability that the cumulative honest payoff is
non-positive.

Step 1: Center the increments. Define Yi := Xi − µmin, so that E[Yi] ≥ 0, Yi ≤ b = R, and
Var(Yi) ≤ σ2

H.

Step 2: MGF bound. By Theorem I.3, for any θ ∈ (0, 3/b),

E[eθYi ] ≤ exp
( θ2σ2

H
2(1 − θb/3)

)
. (I.12)

Step 3: Chernoff bound over Poisson sum. Conditioning on NT = n and applying exponential
Markov,

Pr[Uhon(T) ≤ 0 | NT = n] ≤ e−θnµmin
(
E[eθY1 ]

)n.

Averaging over NT ∼ Poisson(λT) via the Poisson MGF E[zNT ] = exp(λT(z − 1)) with
z = e−θµmin E[eθY1 ] gives

Pr[Uhon(T) ≤ 0] ≤ exp
(

λT
{
−θµmin +

θ2σ2
H

2(1 − θb/3)

})
. (I.13)

Step 4: Optimize over θ. Setting g(θ) = −θµmin + θ2σ2
H/[2(1 − θb/3)] and minimizing via

the substitution t = θb/3 ∈ (0, 1) yields the optimal value

min
θ

g(θ) = −
µ2

min

2σ2
H + 2

3 bµmin
. (I.14)

Substituting (I.14) into (I.13) completes the proof of (b).
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(c) Malicious Loss. A malicious seat has E[Xi] ≤ −δP < 0 by condition (E1). The tail
bound follows by repeating Steps 1–4 above with µmin replaced by δP and centering at
Zi := Xi + δP, yielding the stated exponential bound. The expected loss follows directly
from linearity of expectation:

E[Umal(T)] = λT E[Xi] ≤ −λT δP.

Table 8: Table of Notations.

Indices & random counts

S Total number of segments in a trace
NT ∼ Poisson(λT) # segments audited in horizon [0, T]
t(s) ∈ {C, L, H} Auditor type of segment s

Per-segment vote variables (stat. layer)

kt # seats of type t in a segment
qt = ⌈τkt⌉ Per-type quorum (τ: vote threshold)
Bs ∈ {0, 1} Segment pass indicator
ps = Pr[Bs = 1] Segment pass probability
wt Weight of segment type t

Trace aggregation

W = ∑s wt(s)Bs Weighted pass total (one segment)
Wβ = β ∑s wt(s) Trace-level quorum threshold (β ∈ (0, 1))
µvote = E[W] Mean of W
σ2

vote sup Var(W) (single segment)

Human pay-off variables (econ. layer)

R Reward for a correct vote
P Penalty if slashed
pslash(r) Slash prob. on error, reputation r [ pmin, pmax]
ϵH Honest human error rate
δ Design constant: min. loss per malicious seat
Xi ∈ {−P, 0, R} Net pay-off for seat i on one segment
µH(r) E[Xi] for honest seat with reputation r
µmin minr µH(r)
b Upper range used in Bernstein (default b = R)
σ2

H supr Var[Xi] ≤ (R + P)2/4

Centred increments for MGF bounds

Yi = Xi − µmin Honest centred increment (E[Yi]≥0, Yi ≤b)
Zi = Xi + δP Malicious centred increment (E[Zi]≥0)

Cumulative pay-offs

Uhon(T) = ∑NT
i=1 Xi Total pay-off (honest seat) in [0, T]

Umal(T) Total pay-off (malicious seat) in [0, T]

Process rates

λ Segment intensity (segments per unit time)
T Time horizon

J Motivating Example: Why Semantic Auditing Is Necessary

We present a clinical scenario in which two reasoning models produce identical correct outputs
yet follow fundamentally different reasoning processes. This demonstrates that output-only
auditing cannot distinguish sound evidence-based reasoning from error-prone reasoning
that reaches the correct answer by coincidence.
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✓ Sound Evidence-Based Reasoning

Running score: 0
Age ≥75: Age = 58 < 75 → +0. Score: 0
Age 65–74: Age = 58 /∈ [65,74] → +0. Score: 0
CHF: “No heart failure” → +0. Score: 0
Hypertension: “Patient has hypertension (on BP medica-
tions)” → +1. Score: 1
Diabetes: “Type 2 diabetes (on metformin)” → +1. Score:
2
Stroke/TIA: “No prior stroke/TIA” → +0. Score: 2
Vascular disease: “No vascular disease” → +0. Score: 2
Sex: “Male” → +0. Score: 2

Final Score: CHA2DS2-VASc = 2 → Anticoagulation in-
dicated.
All 8 rules evaluated; correct evidence sources used.

× Flawed Reasoning (Correct by Coinci-
dence)

Running score: 0
Age ≥75: Compares weight (85 kg) and creatinine (1.4)
instead of age; 1.4 < 75 → +0 by luck. Score: 0 [ERROR 1]
Age 65–74: [Rule entirely skipped.] [ERROR 2]
CHF: “No heart failure” → +0. Score: 0
Hypertension: “Creatinine 1.4 suggests kidney disease,
hence likely hypertension.” → +1 via wrong evidence.
Score: 1 [ERROR 3]
Diabetes: “Type 2 diabetes (on metformin)” → +1. Score: 2
Stroke/TIA: “No prior stroke/TIA” → +0. Score: 2
Vascular + Sex: Rules evaluated jointly: no vascular dis-
ease, male → +0 by luck. Score: 2 [ERROR 4]

Final Score: CHA2DS2-VASc = 2 → Anticoagulation in-
dicated.
4 errors; correct output by coincidence only.

Output-Only Audit

Final score: 2 Recommendation: Anticoagulation
✓ Clinically correct

Audit Result: ✓ PASS

Output-Only Audit

Final score: 2 Recommendation: Anticoagulation
✓ Clinically correct

Audit Result: ✓ PASS

TRUST Semantic Audit

✓ All 8 rules evaluated independently
✓ Correct variables used (age = 58)
✓ Evidence read directly from clinical notes
✓ Independent rule evaluation confirmed

Audit Result: ✓ PASS

TRUST Semantic Audit

× Variable confusion (age/weight/creatinine)
× Age 65–74 rule omitted (7/8 rules only)
× Wrong evidence source (creatinine → hypertension)
× Two rules combined instead of evaluated independently

Audit Result: × CRITICAL FAIL

Figure 10: Two reasoning traces produce an identical, correct CHA2DS2-VASc score of 2,
yet one is fundamentally flawed. Output-only auditing passes both. TRUST semantic
auditing detects all four errors in the flawed trace and correctly rejects it. These errors cause
catastrophic failures under distribution shift (e.g., when age changes to 75 or creatinine
drops to 0.9).

Clinical Input

Patient Note: 58-year-old male. Weight: 85 kg; serum creatinine: 1.4 mg/dL; no active bleeding;
no history of stroke. Admitted with atrial fibrillation.
Clinical Note: Hypertension (on BP medications), type 2 diabetes (on metformin). No heart
failure, no prior stroke/TIA, no vascular disease.
Task: Calculate the CHA2DS2-VASc score. Scoring rules: congestive heart failure (+1), hyperten-
sion (+1), age ≥75 (+2), age 65–74 (+1), diabetes (+1), prior stroke/TIA (+2), vascular disease (+1),
female sex (+1).
Correct Answer: Score = 2 (Hypertension +1, Diabetes +1) → Anticoagulation recommended.

Figure 10 shows two complete reasoning traces that both arrive at score 2. The flawed
trace reaches the correct answer only through four coincidences that happen to cancel: (1)
confusing age (58) with weight (85 kg) and creatinine (1.4) still yields 0 age points since 58
< 65; (2) skipping the Age 65–74 rule is harmless for this patient; (3) inferring hypertension
from elevated creatinine—rather than reading the clinical note—reaches the right conclusion;
and (4) combining the vascular disease and sex rules still yields 0 for this male patient.
Under output-only auditing, both traces pass. TRUST semantic auditing detects all four
errors and correctly fails the flawed trace.

TRUST semantic auditing exposes all four hidden errors: variable confusion in age compari-
son, incomplete rule coverage (7 of 8 rules), wrong evidence extraction for hypertension, and
improper combination of independent rules. This identifies brittle reasoning that succeeds
only under specific lucky conditions and fails under distribution shift.
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Why Flawed Reasoning Is Dangerous. The four errors cancel only for this particular
patient profile. A small change—age 75 instead of 58, or creatinine 0.9 instead of 1.4—breaks
each coincidence independently and produces incorrect scores, wrong treatment recom-
mendations, and potential patient harm. Semantic auditing is therefore essential precisely
because flawed reasoning is invisible to output-only evaluation.

Token Billing Without Value. The flawed trace also consumes more tokens than the
sound trace, spending computation on wrong variable comparisons, unnecessary inferential
reasoning, and combined rule evaluation. The deploying organization pays a premium for
reasoning that is correct only by luck.

J.1 Three Critical Gaps That TRUST Addresses

The example above reveals three fundamental limitations of output-only auditing. First,
it cannot detect correct-by-coincidence reasoning: both traces score 2, so both pass, even
though one contains four systematic errors that will cause failures on slightly different
patient profiles. TRUST catches these errors before deployment.

Second, it cannot verify billing integrity. When a flawed model consumes more tokens than
a sound one, output-only auditing provides no means to determine whether those tokens
represent genuine clinical reasoning or wasted computation. TRUST semantic auditing
enables token-quality verification, ensuring organizations pay for sound reasoning rather
than fortunate errors.

Third, it cannot ensure regulatory compliance. The FDA requires explainable clinical
decision support systems with transparent reasoning trails. Output-only auditing can
confirm a score but cannot explain how it was derived. TRUST produces a complete audit
trail—each rule evaluated, each evidence source cited, each logical step recorded—that
supports both regulatory approval and post-incident analysis.

These gaps are especially acute for commercial reasoning models such as GPT-4, Claude
Extended Thinking, and OpenAI o1, whose internal reasoning is opaque. Without semantic
auditing, hospitals cannot distinguish sound from coincidentally-correct outputs, and harm
accumulates gradually as distribution shift erodes the lucky conditions that made flawed
reasoning appear correct. TRUST closes this gap by detecting flawed reasoning patterns
during pre-deployment testing, before any patients are affected.
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