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Abstract {
Chain-of-Thought (CoT) prompting has im-
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proved LLM reasoning, but models often gen-
erate explanations that appear coherent while
containing unfaithful intermediate steps. Ex-
isting self-evaluation approaches are prone to
inherent biases: the model may confidently
endorse coherence even when the step-to-step
implication is not valid, leading to unreliable
faithfulness evaluation. We propose FACT-
E, a causality-inspired framework for evalu-
ating CoT quality. FACT-E uses controlled
perturbations as an instrumental signal to sepa-
rate genuine step-to-step dependence from bias-
driven artifacts, producing more reliable faith-
fulness estimates (intra-chain faithfulness). To
select trustworthy trajectories, FACT-E jointly
considers intra-chain faithfulness and CoT-
to-answer consistency, ensuring that selected
chains are both faithful internally and support-
ive of the correct final answer. Experiments on
GSMS8K, MATH, and CommonsenseQA show
that FACT-E improves reasoning-trajectory se-
lection and yields stronger in-context learning
exemplars. FACT-E also reliably detects flawed
reasoning under noisy conditions, providing a
robust metric for trustworthy LLM reasoning’.

1 Introduction

The paradigm of Chain-of-Thought (CoT) prompt-
ing has fundamentally enhanced the reasoning ca-
pabilities of Large Language Models (LLMs) (Wei
et al., 2022; Yu et al., 2025; Fu et al., 2025a).
However, a critical challenge persists in discerning
the reliability of reasoning trajectories (Sun et al.,
2025b). Models frequently generate rationales that
yield correct results and appear superficially per-
suasive (Cui et al., 2024; Turpin et al., 2024; Lan-
ham et al., 2023), yet are fundamentally intra-chain
unfaithful, characterized by broken logical depen-
dencies between intermediate steps or the inclusion
*Corresponding author.

"The code is publicly available at https://github.com
/peachch/FACT-E.
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Figure 1: Motivating example illustrating the limitation
of LLM self-assessment on CoT evaluation. Two rea-
soning chains appear fluent and coherent, yet CoT 1
contains successive intermediate steps that are not logi-
cally necessary for subsequent reasoning. Conventional
method (e.g., self-reflect) assigns similarly high quality
scores to both chains, failing to detect this breakdown,
whereas FACT-E evaluates the unfaithfulness in a chain
and successfully identifies CoT 2 as more trustworthy.

of inaccurate content. Detecting such intra-chain
unfaithfulness is thus crucial for improving the ro-
bustness and trustworthiness of model-generated
reasoning.

Existing methodologies for recognizing faithful
and filtering trustworthy reasoning traces generally
fall into two paradigms. (1) LLM-as-Judge Meth-
ods leverage the model itself as an evaluator. Tech-
niques such as self-correction and self-reflection
operate in a black-box manner to assess whether a
generated CoT supports the final answer (Kadavath
et al., 2022a; Xi et al., 2024; Madaan et al., 2023).
Another line of work decomposes CoT into sub-
questions and verifies intermediate steps against
corresponding sub-answers (Radhakrishnan et al.,
2023; Zhu et al., 2023). Crucially, this paradigm
is inherently answer-centric: it relies primarily on
changes in the final answer as supervision, over-
looking the internal dependencies among interme-
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diate reasoning steps, which implicitly assume that
such surface-level correction implies logical valid-
ity. (2) Causal-based Methods have subsequently
emerged, employing causal interventions to eval-
uate reasoning quality. Some approaches assess
whether a reasoning chain is faithful to the final an-
swer by perturbing inputs or constructing counter-
factuals (Yang et al., 2025; Xiong et al., 2025). Oth-
ers leverage causal measures such as the Probability
of Necessity and Sufficiency (PNS) to identify re-
dundant or non-influential steps, or task LLMs with
autonomously generating causal graphs to support
structured reasoning (Yu et al., 2025; Hiiyiik et al.,
2025; Fu et al., 2025a).

Despite their causal underpinnings, the efficacy
of these methods is hindered by the inherent biases
of LLM-based evaluators (Fu et al., 2025a; Yu et al.,
2025). This dependence induces a closed-loop
feedback fallacy (Huang et al., 2023; Zheng et al.,
2023), wherein an LLM may confidently validate
the faithfulness between its generated reasoning
steps despite the absence of a rigorous logical en-
tailment (Jiang et al., 2024a; McKenna et al., 2023;
Zheng et al., 2023; Huang et al., 2023). Take the
question in Figure 1 as an example, in CoT 1, the
second step (“The key property of exponentiation
to note here is that any number raised to the power
of 0is 1.”) logically deviates from the first step in
the reasoning path (“The expression 127570 gy
volves raising 1 to the power of 223%423523”) How-
ever, traditional LLM evaluation methods (e.g.,
self-reflection (Kadavath et al., 2022b)) may strug-
gle to distinguish logically sparse reasoning be-
tween these two successive steps in a CoT. As a re-
sult, they assign similar quality scores to CoT 1 and
CoT 2, despite the substantial difference in their
internal coherence. This issue may stem from spu-
rious correlation between the LLM’s assessment
and its internal bias (e.g., LLMs demonstrate a per-
sistent self-affirmation bias, consistently assigning
positive evaluations to their own generations with
negligible variance (Huang et al., 2023)). Conse-
quently, such spurious correlations can make the
model overconfident or cause it to neglect evaluat-
ing the faithfulness between segments, regardless
of their true relationship.

In this work, we propose a novel causal view
based on a Structural Causal Model (SCM) (Pearl,
2009) to support the LLM self-assessment of intra-
chain faithfulness via a contrastive design. To
mitigate spurious correlations between the LLM’s
faithfulness assessment and its internal biases, we

introduce external noise as an instrumental vari-
able, yielding a more reliable faithfulness evalu-
ation. In addition to intra-chain faithfulness, we
also consider answer correctness as a complemen-
tary dimension of CoT quality. Accordingly, we
introduce FACT-E (Faithfulness And Consistency
Tandem Estimation), a causality-inspired frame-
work for CoT quality estimation. FACT-E con-
sists of two modules: CoT-to-Answer Consistency,
which verifies that the reasoning chain supports the
correct final answer, and Intra-Chain Faithfulness,
which leverages causal insights to refine the LLM’s
faithfulness judgments.

We empirically validate FACT-E efficacy across
mathematical and commonsense reasoning tasks.
Our results show that selecting reasoning paths
based on FACT-E scores substantially improves
answer accuracy and enhances in-context learning.
Furthermore, experiments under noisy conditions
demonstrate that our approach effectively identi-
fies process-level failures, thereby improving the
robustness and controllability of LLM reasoning.

Our contributions are mainly threefold:

* We leverage causality to obtain more reliable
intra-chain faithfulness evaluations by introduc-
ing external noise as an instrumental variable,
mitigating the impact of unobserved LLM biases
in self-assessment.

* We propose FACT-E, a novel CoT evaluation
framework that jointly considers (i) answer cor-
rectness implied by the CoT (CoT-fo-Answer
Consistency) and (ii) faithfulness between succes-
sive CoT segments (Intra-Chain Faithfulness).

* We conduct experiments across three represen-
tative tasks: (1) Improving Answer Accuracy
by selecting higher-quality CoT; (2) Enhanc-
ing In-Context Learning by using optimized
chains as exemplars; and (3) Noise Detection by
identifying flawed reasoning. The results show
that FACT-E achieves competitive performance
against strong baselines.

2 Task Formulation with A Causal View

In this section, we formally formulate the task of
measuring the trustworthiness of a reasoning chain
from a causal perspective.

2.1 Problem Definition

Given a query (), the LLM is prompted to gen-
erate a set of reasoning chains S. To effectively
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Figure 2: Structural causal graphs for CoT quality
estimation. (a) depicts the process of answering a
query Q with CoT S. (b) illustrates the traditional self-
assessment approaches, where the LLM evaluates the
faithfulness score Y between S<; and S+;, denoted by
X, mediated by LLM’s self-evaluation M. The LLM’s
internal bias Z is an unobserved confounder that affects
all variables. (c) FACT-E introduces exogenous noise
F as an instrumental variable to obtain a more reliable
faithfulness evaluation for CoTs.

filter and select trustworthy reasoning chains from
a pool of post-hoc candidates, our goal is to es-
timate a reliability score Rg for each candidate
chain S € & as a quality measure, denoted as
LLM(Q@,S) — Rs € [0,1]. A higher Rg indi-
cates that the reasoning process is not only correct
in its final outcome but also faithful among its inter-
mediate steps. We model these two aspects below.

2.2 CoT-to-Answer Consistency

A correct answer is a prerequisite for a high-quality
CoT. Accordingly, we first model the chain’s con-
sistency with the correct outcome.

Definition 1 (CoT-to-Answer Consistency). An
evaluative metric that quantifies the trustworthi-
ness of a CoT candidate by estimating the proba-
bility that the reasoning chain consistently leads to
the correct final answer.

Following recent work (Wu et al., 2024; Fu et al.,
2025a; Zhang et al., 2024), we model the reasoning
process using Structural Causal Model (SCM) as
@@ — S — A, where the CoT S acts as a mediator
that transmits the influence of the query ) to the
final answer A. Besides, since the reasoning pro-
cess can be causally dependent on LLLM’s internal
knowledge U, we model this process in Figure 2(a).
A robust Rg must capture whether the mediation
is consistently reaching the correct A.

2.3 Intra-Chain Faithfulness

Merely ensuring that a CoT yields the correct an-
swer is insufficient for a comprehensive reliability
assessment. A correct answer can often be reached
through flawed or hallucinated reasoning steps. To
capture the reliability of the intermediate steps be-
yond the final answer, we introduce Intra-Chain
Faithfulness.

Definition 2 (Intra-Chain Faithfulness). A mea-
surement of a reasoning path’s quality, focusing on
the logical dependencies between steps and their
content correctness. A failure of faithfulness oc-
curs when a CoT appears superficially coherent but
relies on fragile connections or exhibits erroneous
intermediate steps.

Formally, let S = {s1,9,...,s1} denotes a
CoT consisting of L steps. To evaluate the faithful-
ness degree in the chain, we decompose the reason-
ing process at step ¢ into successive two segments,
S<; and S-;, denoted by X;, where the segment
S<i = {s1,..., s} precedes the subsequent seg-
ment Ss; = {sit+1,...,s5}. In Figure 2(b), we
denote the faithfulness score between S<; and S-;
by Y. The mediator M represents the LLM’s eval-
uation on their faithfulness. Ideally, a robust faith-
fulness estimation is achieved when the mediation
process M remains unbiased. However, in practice,
LLM evaluation is affected by its unobservable
internal bias Z (e.g., self-affirmation bias). The
overall faithfulness score of a CoT is aggregated as
the faithfulness score across all split indices ¢ from
1to L —1.

3 Methodology

3.1 Quantify Intra-Chain Faithfulness

Ideally, LLM assessment should act as an objec-
tive judge of faithfulness. However, in practice,
the internal bias may exist. Specifically, two ma-
jor sources of bias arise: (1) Self-affirmation bias,
where the LLM exhibits an inherent tendency to
positively evaluate its own outputs (Huang et al.,
2023; Zheng et al., 2023); and (2) Statistical short-
cuts, where the LLM relies on shallow heuristics
learned during pre-training, such as lexical overlap
or frequent co-occurrence patterns. As a result, the
LLM may hallucinate strong logical connections
based on statistical familiarity, even when the un-
derlying reasoning progression is flawed (Zheng
et al., 2023; Xiong et al., 2025; Jiang et al., 2024b).

As illustrated in Figure 2(b), there exists a spu-
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rious correlation between LLM assessment on the
faithfulness degree between intermediate steps in a
CoT due to the unobservable LLM’s internal bias.

To address this issue, we introduce an exoge-
nous instrumental variable £. Since we cannot
directly intervene on the CoT generation process,
we approximate causal interventions by using E to
construct counterfactual segments and inject them
into the chain. Concretely, 2 denotes randomly
injected perturbations that disrupt logical depen-
dencies (e.g., omitting steps) and corrupt content
correctness (e.g., introducing operation errors). Ap-
pendix A.3 lists a non-exhaustive set of noise con-
figurations. Since these perturbations modify S ;
and thus the faithfulness relation between S<; and
S<i, F causally influences both X; and M. Fig-
ure 2(c) illustrates this intervention process.

By intervening on E/, we observe corresponding
changes in the assessed faithfulness Y through the
mediator M. The Average Causal Effect (ACE)
directly characterizes faithfulness by measuring its
sensitivity to structured perturbations. For each
noise type e; € &£, given X; and its inference pro-
cess M, we define ACE as:

—E[Y | X;, M,do(E = e;)].

Intuitively, this quantity aligns with intuition: the
ACE measures the relatively increased confidence
of LLM evaluation M on the faithfulness Y of X
with respect to the X; injected with noises e;. We
propose to measure the average causal effect across
all types of intervened perturbations &£:

=1 ZACE e, Xi)-

e;€€

ACE(£, X;)

Estimation with contrastive design. To estimate
ACE, we introduce a contrastive design between
the original and injected-noise reasonings. Specifi-
cally, we implement £ as functional interventions
on the LLM’s rollout process, instead of static noise
injection. For each segmentation point ¢, we de-
fine a perturbed counterpart XZ-(ej ) = (S<i,SL,;),
where S’ ; is a counterfactual rollout trajectory gen-
erated by LLM conditioned on both prefix S<; and
a specific logical perturbation e; € £. Table 1 il-
lustrates such a perturbed rollout, where a specific
operation error is injected while maintaining the
original prefix. The ACE thus quantifies the rela-
tive confidence increase on the original reasoning

Question Suppose sin D = 0.7 in the right triangle D E'F' (where

ZE = 90° and EF = 7). What is the length of DE?

(S<i,S>;) We are given that sin D = 0.7 and need to find the length of
B DE. Inright triangle DEF, EF = 7 is opposite to angle D,
and D F is the hypotenuse. Thus, 0.7 = % so DF = 10.
By the Pythagorean theorem,

DE? = DF? — EF? =100 — 49 = 51, hence
DE = +/51.

(S<i,S%;) Weare given that sin D = 0.7 and need to find the length of
DE. Inright triangle DEF, EF = T is opposne to angle D,
and D F is the hypotenuse. Thus, sin D = DE SO

DE = ;. = 10.

Table 1: Ilustrative example of a perturbed rollout S% ;
generated from the same prefix S<;. The injected logi-
cal error leads to an incorrect continuation despite iden-
tical contextual and stylistic conditions.

continuation S~; compared to its perturbed coun-
terpart S_ ;, denoted by Fg:

Fs = |g| ZZACE e, X

i=1 e; €EE

|5| -1) Z Z 1[ (S<i,S>i) > (S§i7S/>(jj))] 7

i=1e;€E

where L denotes the number of steps in the CoT,
and 1[] is an indicator function that equals 1 if the
original Ss; is preferred over the perturbed S,
given the same prefix S<;, and O otherwise.

This contrastive design serves two critical
purposes. First, it effectively neutralizes self-
affirmation bias. Since both trajectories are self-
generated by an LLM and share an identical
prefix and stylistic context, the model cannot
rely on stylistic familiarity or surface-level pat-
terns—features that typically lead LLMs to assign
inflated scores to their own outputs. Second, the
injection of logical noise e; acts as a “stress test.”
Even when the reasoning remains linguistically flu-
ent and sound, its logical chain is intentionally frac-
tured. This forces the LLM to look past superficial
patterns and focus on the actual reasoning steps.
Consequently, our method improves the intra-chain
faithfulness score in reflecting true logical integrity
rather than mere plausible-sounding text.

3.2 Quantify CoT-to-Answer Consistency

Definition 1 on CoT-to-Answer Consistency quan-
tifies the model’s confidence on a given reasoning
chain S yielding the correct final answer. Formally,
given a query () = ¢ and a candidate reasoning
chain S (we use @ to denote the query random vari-
able and q to denote a concrete query instance), the
LLM is prompted N times independently to judge
whether S is sufficient to reach the correct answer.
For each trial n, we define J € {0,1} as the
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model’s binary judgment, where J(™) = 1 indicates
that the model judges S yields the correct answer,
and J() = 0 otherwise. Let P(J(”) =11¢q,8)
denote the model-estimated probability of the pos-
itive judgment. We compute the CoT-to-Answer
Consistency score by averaging these probabilities
across the trials where the model explicitly vali-
dates the reasoning:

N
1
A=Y P =1 [ =1
CS N e (J ’ q, S) [J ]7

where 1[-] is the indicator function. A high Cg
indicates consistent and confident prediction that
the reasoning chain S provides a viable path to the
correct answer, independent of explicit verification
of intermediate logical validity.

3.3 Tandem Estimation

A high-quality CoT should not only arrive at the
correct answer but also ensure that its intermediate
steps are faithful. When faithfulness (Fg) is low,
it indicates the presence of loose logical connec-
tions or errors within the reasoning, in such cases,
the final answer, even if correct, is more likely a
byproduct of chance or internal bias than of logi-
cal necessity. Conversely, a low consistency score
(Cs) indicates that the reasoning, however inter-
nally coherent, ultimately fails to solve the task.
To bridge these two aspects, we define a reliable
score Rg by scaling observed correctness with rea-
soning faithfulness, thereby ensuring that the final
score reflects only outcomes grounded in logical
integrity:
1 L-1 N

Rs_fs-cSNWZZ

i=1 n=1

1 [XZ.(‘”) - Xi(f)} P(J™ =14q,8) 1[J™ =1,
where L denotes the total number of steps in

S, N is the number of answer-sampling trials,
0 £ 1(E

Xi( ) = (SSZ’,S>,L'),XZ-( ) = (S§z>S>(l)) Here,

& denotes the perturbation setting used to gener-

ate the counterfactual continuation associated with

split point 7.

3.4 Algorithms

Evaluating Fg at every step in a long reasoning
chain can incur substantial computational overhead.
We thus adopt a lightweight estimation strategy for
Rs using a fixed-checkpoint approach, where the
number of checkpoints is set to N to match the

Algorithm 1 Select the Trustworthy CoT via FACT-
E (Lightweight)

Require: Candidate set S = {(S\¥), am)}f:l; query g; lan-
guage model M perturbation set £; the number of sam-
pling trials NV

Ensure: Optimal CoT Sgpt, answer aopt, sScore Rmax

1: SC+ 0

2: for each candidate (S, a")) € S do

3: // Step 1: CoT-to-Answer Consistency

4 Com +— w2 N  PI™ =1]¢,89) 1[J™ =

5 if Cg(;) = O then

6 continue

7: end if

8: // Step 2: Intra-Chain Faithfulness

9:  Lj + [SY]

10 Sample 7V C {1,...,L; — 1} such that [T | =
min(N, L; — 1)

11: for each t € 7V do ,

12: S'>(t6> — M(- | InjectNoise(S<<]2,e))7 Vee &

13 PO Eeee [1](8),88) - (82,840

14: end for

»
15: Fguy + milm Sieri P

16: // Step 3: FACT-E score

1. Rgu) < Cst)  Fstin

18:  SC+ SCU{(SY,a" Rg)}

19: end for

20: (Sopt, Gopt, Rmax) < argmax(s, q,rg)esc Rs
21: return Sopt, dopt, Rmax

number of sampling trials for estimating Cg. Al-
gorithm 1 outlines the overall selection procedure.
Specifically, for each CoT candidate, we first es-
timate its CoT-to-Answer Consistency (Cg). Can-
didates with zero consistency are discarded. For
the remaining candidates, we sample N random in-
termediate positions to estimate Intra-Chain Faith-
fulness. The optimal reasoning trace S,y is then
selected by jointly maximizing answer correctness
and intermediate steps faithfulness. The standard
(non-lightweight) version of the algorithm is pro-
vided in Algorithm 2, and task-specific settings for
error injection are detailed in Appendix A.3.

4 Experimental Setup

In this section, we evaluate FACT-E through the fol-
lowing research questions: (1) RQ1: Can FACT-E
identify trustworthy reasoning trajectories to im-
prove answer accuracy? (2) RQ2: Can the selected
CoTs serve as superior exemplars for in-context
learning? (3) RQ3: Can FACT-E effectively detect
and filter rationale noise to safeguard performance?

Evaluation for RQ1 and RQ2. We conduct
two experiments for RQ1 and RQ2. (/) Trust-
worthy reasoning trajectory selection. For

20279



Gpt-40-mini DeepSeek-V3
Method Math-500 CommonsenseQA GSM-8K Math-500 CommonsenseQA GSM-8K
CoT 78.694253%)  83.0010.029%)  92.400.0.154%) |85.52(4587%)  83.80¢16719%)  96.00(0.243%)
DENOISE 83.06+0.117%)  83.3040329%)  92.20(.0354%) |84.70(5407%)  84.600871%)  95.40(.0.843%)
POLISH 83.33;0387%)  80.002.971%)  92.60(10.046%) |94.80(44.693%)  85.20(0271%)  95.60(.0.643%)
REFELECT 80.60(2.343%)  83.20+0220%)  92.100454%) |87.43(2677%)  85.80(+0320%)  95.80(.0.443%)
CONSISTENCY 82790.153%)  82.10c0871%)  92.80(+0.246%) |93-17(43.063%)  85.000471%)  96.40(+0.157%)
FACT-E(ightweighty 85.52(12.577%)  85.20(42.220%)  93.98(11.426%) |90.3240213%)  89.0043.520%)  97.20(+0.957%)
FACT-E(stndard)y ~ 86.61(136679%)  84.0041.000%)  91.8000.754%) |94-8114703%)  84.9005719%)  97.30(11.057%)

Qwen3 ChatGPT
CoT 93.17+0.154%)  83.000257%)  93.20(+0.171%) [32-18(43.430%)  61.607.471%)  77.60(.0.800%)
DENOISE 92.080936%)  83.60(+0343%)  93.20110.171%) |42.62(.6.130%)  72.20(+3.129%)  76.80(.1.600%)
POLISH 92-90(-0.116%) 81.60(_1.657%) 92-40(—0.629%) 41.00(_7.75()%) 63.60(_5.471%) 77.00(_1.400%)
REFELECT 92.90(.0.116%) 82.60.0.657%) 92.60(.0.429%) | 48.09(.0.660%) 69.60(40.529%) 78.40(0.000%)
CONSISTENCY 92.900.116%)  82.80(0457%)  93.20(+0.171%) |51.0942340%)  71.60(+2529%)  80.60(+2.200%)
FACT-Eighweighy 94.26(+1244%)  83.6040343%)  93.20(+0.171%) |92.18(43.430%)  72.7043.620%)  81.40(43.000%)

FACT-Estandard)

92.90(.0.116%)

85.60(,2 343%)

93.40:0.371%)

54.09:5.340%)

72.2043.129%)

77.00(-1.400%)

Table 2: Accuracy comparison (%) across three benchmarks for four LLMs. Values in parentheses denote the
relative change with respect to the average performance of all methods for each model-dataset pair. Best results are

shown in Bold, second-best results are underlined.

each test set Q = {(qt,at)}Lﬂ, we generate
K candidate CoT-answer pairs by sampling:
Slg) = {(Sij),a,gj)) le. FACT-E selects
the best reasoning trajectory (S;,a;) with
highest Rg.We report answer accuracy as
Acc(Q) = @ Z'ti'l 1[ay = a¢]. (2) In-context
learning (ICL) evaluation. We further evaluate
whether the automatically selected chains serve as
higher-quality ICL exemplars. For an exemplar
size¢ E € {5,10,15}, we construct a prompt
set P = [(q1,87,a1),...,(¢E, S}, ar)]. The
ICL accuracy is defined as Accicr,(Pg, Q) =
ﬁ Z(Qt,at)eQ 1M(Pg,q) = i , where
M(Pg, q:) denotes the model prediction condi-
tioned on the exemplars. To evaluate FACT-E
across domains and difficulty levels, we use
public datasets: GSMS8K (Cobbe et al., 2021)
and MATH-500 (Hendrycks et al., 2021) for
mathematical reasoning, together with Common-
senseQA (Talmor et al., 2019).

Evaluation for RQ3. Let Q = {(q,a;) E‘l
be the test set. For each test query g¢;, we
are given a noisy demonstration prompt
Plg?ise = {(:;,8",a;)},, where the ratio-
nales are taken directly from the benchmark
and may already contain noisy intermediate
steps.  The number of noisy rationales in
each prompt is not fixed and varies across
evaluation settings. Given a filtering method
M, we define its answering accuracy under

noisy demonstrations as Accpoise(Q, Proise)

t
ﬁ Zgll 1[M (Pr(lo)ise7qt> = at} . We eval-
uate robustness on NoRa-Math and NoRa-

Commonsense (Zhou et al., 2024). The detailed
procedure is shown in Algorithm 3.

LLM backbones and baseline methods. We
conduct evaluations using four LLM backbones
ranging from open-source to closed-source mod-
els, including DeepSeek-V3, Qwen3-14B, Gpt-4o-
mini, and ChatGPT (Gpt-3.5-turbo). For all mod-
els, we set the temperature parameter 7 to 0 and
the number of sampling trials to N = 3, and we
conduct experiments in other N settings which
are reported in §5. To ensure stable estimates, we
evaluate 500 questions per task and repeat each
experiment three times. We compare our method
against five representative baselines. CoT (Wei
et al., 2022), POLISH (Xi et al., 2023) and RE-
FLECT (Kadavath et al., 2022b) fall under the self-
correction paradigm, which aims to improve gen-
eration quality through prompt reformulation and
iterative reflection. DENOISE (Zhang et al., 2023)
adopts a mask-reconstruction strategy that requires
the model to recover masked content, while CON-
SISTENCY (Wang et al., 2022) aims to aggregate
multiple sampled outputs for improving robust-
ness. These baselines represent mainstream self-
improvement and denoising approaches. The de-
tailed descriptions of these baselines are provided
in Appendix A.7.
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Method MATH-500 CommonsenseQA GSM-8K

4o0-mini DeepSeek-V3 Qwen3 ChatGPT 4o-mini DeepSeek-V3 Qwen3 ChatGPT 4o-mini DeepSeek-V3 Qwen3 ChatGPT

BASE 82.79 92.35 90.16 46.99  83.00 86.00 81.40 49.60 = 93.20 94.60 93.20 74.20

DENOISE 82.65 92.62 8579 4754  82.80 86.60 81.00 51.60  93.00 93.60 93.80 77.00

(-0.14) (+0.27) (-437)  (+0.55)  (-0.20) (+0.60) (-0.40)  (+#2.00)  (-0.20) (-1.00) (+0.60)  (+2.80)

POLISH 83.42 94.81 92.08 49.73  81.80 84.80 81.00 5222 91.60 91.60 93.60 71.80

(+0.63) (+2.46) (+1.92)  (+274)  (-1.20) (-1.20) (-0.40)  (+2.62)  (-1.60) (-3.00) (+0.40)  (-2.40)

REFLECT 03-35 93.44 88.25 51.64 81.80 86.00 80.80 53.20 91.00 93.80 92.80  76.20

(+0.56) (+1.09) (-1.91)  (+4.65)  (-1.20) (+0.00) (-0.60)  (+3.60)  (-2.20) (-0.80) (-0.40)  (+2.00)

ConsisT, 8289 90.98 91.26 4699  83.80 82.00 81.80 55.60 92.00 94.40 9240 71.20

©(+0.10) (-1.37) (+1.10)  (+0.00)  (+0.80) (-4.00) (+0.40)  (+6.00)  (-1.20) (-0.20) (-0.80)  (-3.00)

FACT-E 85.52 93.44 92.62 5328 84.00 86.20 8240 6340 92.20 95.00 94.80 77.40

. (+2.73) (+1.09) (+2.46)  (+629)  (+1.00) (+0.20) (+1.00) ~ (+13.80)  (-1.00) (+0.40) (+1.60)  (+3.20)

Table 3: Accuracy (%) of in-context learning with five demonstration examples (& = 5). Best results are shown in
bold with darker shading, and second-best results are underlined with lighter shading. Values in parentheses denote

the absolute change relative to BASE.

5 Experimental Results

FACT-E can select trustworthy chains and im-
prove answer accuracy. As shown in Table 2,
FACT-E exhibits clear advantages across 12 exper-
imental configurations involving four LLMs and
three benchmarks. The standard version of FACT-
E achieves the best or second-best performance in
8 out of 12 cases. In particular, FACT-E (standard)
shows substantial improvements on the Math-500
benchmark, outperforming the average baseline by
5.340% on ChatGPT and 4.703% on DeepSeek-
V3. A closer inspection reveals that FACT-E ef-
fectively identifies trustworthy CoT trajectories,
achieving 54.09% accuracy on MATH-500, com-
pared to self-correction baselines such as POLISH
(41.00%) and DENOISE (42.62%). Moreover, the
lightweight variant of FACT-E remains highly com-
petitive: across the same 12 configurations, FACT-
E (lightweight) attains the best result in 6 cases
and the second-best in 5 cases. This indicates that
even with stochastic checkpoint sampling, FACT-E
preserves strong discriminative power while signif-
icantly reducing computational overhead.

Selected trustworthy CoTs enhance ICL. As
reported in Table 3, FACT-E achieves the best per-
formance in 8 out of 12 task configurations, with
particularly notable gains on ChatGPT (e.g., from
49.60% to 63.40% on CommonsenseQA and from
46.99% to 53.28% on MATH-500). Compared with
competing baselines, FACT-E exhibits substantially
higher stability across different models and bench-
marks. For example, while POLISH performs
competitively on MATH using DeepSeek-V3 and
Qwen3, its performance degrades using ChatGPT
(on MATH) and even falls below the Base method
using Gpt-4o-mini (on CommonsenseQA). These

NoRa-Commonsense (Deepseek) = n=3 NoRa-Commonsense (Qwen3)

2 n=5
95 % OURS Method

Accuracy (%)
&

Accuracy (%)

Figure 3: Performance (%) on noisy-rationale bench-
marks. Results are shown for Qwen3 and DeepSeek-V3
on NoRa-Commonsense, and Gpt-4o-mini on NoRa-
Math/Commonsense, under in-context learning with
different numbers of noisy rationale demonstrations.

observations suggest that methods relying solely
on self-assessment are sensitive to the underlying
model’s capabilities, whereas FACT-E remains ro-
bust across architectures.

FACT-E for noisy CoT detection. To evaluate
robustness against rationale noise, we test FACT-
E on NoRa prompting settings in which each
prompt contains a variable number of noisy ratio-
nales. In particular, we consider settings with 1-3
and 1-5 noisy rationales per prompt (see Algo-
rithm 3), simulating realistic cases where demon-
stration chains contain incorrect or weak intermedi-
ate reasoning steps. As shown in Figure 3, FACT-
E consistently achieves top accuracy on NoRa-
Commonsense with Qwen3 and DeepSeek-V3. Al-
though GPT-40-mini is slightly less effective on
NoRa-Commonsense, it achieves leading perfor-
mance on NoRa-Math. These results underscore
the effectiveness of FACT-E in identifying and fil-
tering unreliable reasoning demonstrations.
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# Answer CoT (Chain of Thought)

Score

Question: Suppose sin D = 0.7 in the diagram below. What is D E? [asy] pair D,E,F; F = (0,0); D = (sqrt(51),7); E = (0,7); draw(D-E-F-D); draw(rightanglemark(D,E,F,15));

label(" D",D,NE); label(" E",E,NW); label(" F'",E,SW); label(" 7" (E+F)/2,W); [/asy]
1 /51

We are given that sin D = 0.7 and we need to find the length of D E. In the right triangle D E F', we know that E F is the vertical side and has a  0.998

length of 7. The sine of angle D is defined as the ratio of the length of the opposite side to the hypotenuse. Therefore, we can express this relationship

as: sin D = % Substituting the known values, we have: 0.7 = D77F To find D F', we can rearrange the equation: DF' =

% . Calculating

this gives: D F' = 10Now, we can use the Pythagorean theorem to find D E. In triangle DEF:DF? = DE? + EF? Substituting the known
values:102 = DE? + 72This simplifies t0:100 = DE? + 49Now, isolating DE2:DE? = 100 — 49 = 51 Taking the square root

gives:DE = +/51 Thus, the length of DE'is v/51.

We are given that sin D = 0.7 and we need to find the length of D E. In the right triangle D E'F', we know that E'F' is the opposite side to angle D 0

and D E is the hypotenuse. The sine function is defined as the ratio of the length of the opposite side to the hypotenuse. Therefore, we can express this

F

i ip as: si _ E
relationship as: sin D = 55

From the diagram, we see that ' F' = 7. Substituting the known values into the sine equation gives us: 0.7 = - To

DE
find D E, we can rearrange this equation: DE = 0—77 Calculating this gives: DE = % = 10 Thus, the length of D E is 10.
235423523
Question: What is 1(2 )9
. (2235423523 . X i X
1 1 To solve the expression 1 , we need to understand the properties of exponents. The base of the exponent is 1. According to the rules of  0.999

exponents, any number raised to any power is equal to 1, as long as the base is 1. Therefore, regardless of the value of the exponent, 1 raised to any power

will always equal 1.
. (2235423523>
2 1 The expression 1

involves raising 1 to the power of 2235423523 Ty

1e key property of exponentiation to note here is that any number  0.596

raised to the power of 0 is 1, and any number raised to any power (including very large numbers) is still 1 if the base is 1. Therefore, regardless of the

exponent, since the base is 1, the result will always be 1.

Table 4: Question-answer evaluation results. Flawed portions of the CoT are highlighted in red. Correct and

incorrect answers are marked with

Case study. As illustrated in Table 4, FACT-E
effectively distinguishes CoT candidates that con-
tain flawed reasoning processes. In the first exam-
ple, FACT-E differentiates between two reasoning
paths: although CoT 1 yields the correct final an-
swer, CoT 2 produces an incorrect result due to
the erroneous trigonometric derivation “sinD =
EF/DE”. FACT-E assigns this chain a score of 0,
correctly indicating that it cannot reliably support
the correct conclusion. Additional examples further
demonstrate FACT-E’s ability to identify reasoning
paths whose intermediate steps lack causal valid-
ity despite arriving at the correct answer. In the
second case, the highlighted red text corresponds
to redundant reasoning where the transition across
“and” lacks a rigorous causal dependency, result-
ing in a lower score of 0.596. These fine-grained
evaluations show that FACT-E provides a more nu-
anced characterization of reasoning quality beyond
final-answer correctness. Additional case studies
are provided in Table 7.

Analysis of the number of sampling trials (V).
Experimental results within Gpt-4o-mini across
datasets indicate that accuracy generally improves
with more sampling trials, although the gains are
not strictly monotonic. As shown in Figures 4(a)
(lightweight) and 4(b) (standard), accuracy often in-
creases substantially between the second and third
trials, followed by saturation or minor fluctuations
at four or five trials. This suggests that three trials
typically capture most of the performance gains,
while additional iterations yield diminishing re-
turns.

and X, respectively.

97.5] === Math500 Avg a msmm Math500 Avg b
=@= CommonsenseQA 97.51 == CommonsenseQA
95.0{ =®= GSM-8K =®= GSM-8K
92.5 92.6 92.8 b g:n o
- . — 92.8  —
R9251 ® —i—" Foas| e
go0.0 290.0
g 4
387.5 86.6 86.4 3875 86.6
3 oz O} 8 5 .
<850 0s0 " %0 me <850 “/35_—-0——3
,,<as.z . :
/ \‘ 824
825 * * 82.5 0/
80.0 80.0
2 3 4 5 2 3 4 5
N N

Figure 4: Performance (%) of lightweight FACT-E (a)
and standard FACT-E (b) varying the number of sam-
pling trials (/V) on three benchmarks.

6 Related Work

Previous work on improving CoT reasoning (Wei
et al., 2023; Kojima et al., 2023) has mainly
focused on prompt design (Zhou et al., 2022;
Wang et al.,, 2023); structured search frame-
works (Sel et al., 2023; Yu et al., 2023) such as
Tree-of-Thought (Yao et al., 2023) and Graph-of-
Thought (Besta et al., 2024); and fine-tuned lan-
guage models in specific domains (Jiang et al.,
2023; Sun et al., 2025a; Wang et al., 2025; Huang
et al., 2026). These methods aim to improve final-
answer accuracy, often treating accuracy gains as
indirect evidence of better reasoning. However,
they do not directly address a key practical ques-
tion (Shen et al., 2025): given a specific query and
a generated CoT, how can the quality of that rea-
soning trace be reliably assessed?

Existing approaches to CoT evaluation broadly
fall into two categories (Wei et al., 2022; Kojima
et al., 2023). LLM-based assessment methods, in-
cluding self-correction, self-reflection, and self-
refinement (Kadavath et al., 2022a; Madaan et al.,
2023; Xi et al., 2024), rely on the model’s own judg-
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ments to evaluate or improve its reasoning. While
effective in some settings, these methods assume
reliable self-evaluation and are therefore sensitive
to model biases. Causality-based methods attempt
to assess reasoning quality by analyzing dependen-
cies among intermediate steps, for example using
Probability of Necessity and Sufficiency (PNS) or
Average Causal Effect (ACE) (Yu et al., 2025; Fu
et al., 2025b). However, these approaches depend
heavily on LLM self-assessment, lack principled
uncertainty quantification and face scalability limi-
tations. In contrast, our work focuses on rigorously
evaluating CoT reasoning by disentangling step-
level faithfulness dependencies while explicitly ad-
dressing confounding effects (i.e., internal bias),
providing a more reliable and scalable framework
for LLM reasoning evaluation.

7 Conclusion

We address the inherent bias in LLM self-
evaluation by introducing a causal framework
based on Structural Causal Models, named FACT-E.
By leveraging constructed noise as an instrumental
variable to estimate the Average Causal Effect, our
approach isolates the true causal influence of inter-
mediate reasoning steps by effectively mitigating
spurious correlations arising from internal model
biases (e.g., self-affirmation bias), enabling a more
reliable estimation of reasoning faithfulness.

Limitations

Our approach, standard FACT-E, aims to assess all
the steps of CoT. While it requires prompt LLMs
multiple times, leading to higher inference costs
compared to simpler prompting approaches. To
mitigate the cost, we introduce lightweight FACT-
E, which reduces the number of prompting requests
while maintaining competitive performance. We
compare the LLMs’ overhead during inference us-
ing different strategies, shown in Tables 5.

LLMs are inherently susceptible to a broad spec-
trum of cognitive biases (Jiang et al., 2024a; Xiong
et al., 2025; Zheng et al., 2023) and pre-trained
data bias (Jia et al., 2026; Wang and Huang, 2024).
While it is impossible to account for every poten-
tial artifact, our framework specifically targets self-
affirmation bias and shortcut bias, both of which
significantly distort self-assessment tasks (Xiong
et al., 2025; Zheng et al., 2023). Furthermore, our
approach operates in a post-hoc manner; it selects
from completed outputs instead of intervening in

the CoT or reasoning generation process (Luo et al.,
2026; Cao et al., 2026; Wu et al., 2026; Shen et al.,
2026; Xu et al., 2026b,a; He et al., 2026). While
cross-model or dynamic evaluation is common (Li
et al., 2025), it often introduces significant uninter-
pretable variables, such as inter-model sycophancy
or shared parametric biases, which can lead to a
false sense of consensus (Du et al., 2023).
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All evaluations were conducted using open-source
datasets. Our data sources are all from objective
and neutral facts and do not contain any personal
information and offensive comments directed at
individuals or particular groups. Our study on miti-
gating bias in LLMs acknowledges the ethical im-
plications of data-driven biases in Al, particularly
their impact on performance. All experiments were
conducted using publicly available datasets, and no
human participants were involved.
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